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Autocoding for labels of Income and Expenditure classification

TOKO Yukako
SATO-ILIC Mika

Abstract
The National Statistics Center has developed a system using a machine learning based autocoding
method to support coding operations. It works by automatically assigning income and expenditure
classification codes to data on each income and expenditure item in the household ledger. This ledger
was answered online for each survey month in the "Family Income and Expenditure Survey." The
system began operation in January 2022. This paper introduces the methods developed for autocoding

support.
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K1l B2 I9RZ—ICBFAHET LD FCM Ici o SVM D4 faksEH

Cluster 1 Cluster 2
Number of text descriptions Number of text descriptions
Label Category correctly  incorrectly ~Accuracy correctly  incorrectly Accuracy
targetdata y ) targetdata . )
(@) predicted  predicted (P)/(a) a) predicted  predicted (P)/(2)
(b) (a)-(b) (b) (a)-(b)
1 Food 54 45 9 0.833 119,328 118,965 363 0.997
2 Housing 38 30 8 0.789 292 201 91 0.688
3 Fuel, light & water charges 615 613 2 0.997 529 516 13 0.975
4 Furniture & household utensils 39 35 4 0.897 8,481 7,501 980 0.884
5  Clothing & footwear 2 2 (0] 1.000 2,563 2,348 215 0.916
6  Medical care 224 218 6 0.973 3,071 25733 338 0.890
7 Transportation & communication 1,200 1,176 24 0.980 2,162 2,067 95 0.956
8  Education 123 106 17 0.862 276 238 38 0.862
9  Culture & recreation 724 702 22 0.970 4,917 4,122 795 0.838
10  Other consumption expenditures 904 849 55 0.939 4,635 3,837 798 0.828
11 Income 338 297 41 0.879 44 34 10 0773
12 Receipts other than income 792 791 1 0.999 1 [o] a | 0.000
13 Non-consumption expenditures 2,637 2,631 6 0.998 37 26 i Ju 0.703
14  Disbursements other than expenditures 2,206 2,150 56 0.975 1,165 979 186 0.840
15  Carry-over to next month 969 969 (0] 1.000 (0] (o] (o] NA
16 Supplementary label 159 2 157  0.013 69 35 34 0.507
17  Consumption tax etc. 14,872 14,841 31 0.998 6,861 6,840 21 0.997
Total 25,896 25,457 439 0.983 154,431 150,442 3,989 0.974
K 2. KR4 ZRaHmBER0IC X 2 Hli R
Cluster 1 Cluster 2
Label Category — —
precision recall f1-score precision recall f1-score
1 Food 0.776 0.833 0.804 0.981 0.998 0.989
2  Housing 0.861 0.816 0.838 0.851 0.664 0.746
3 Fuel, light & water charges 0.997 0.997 0.997 0.970 0.974 0.972
4 Fumiture & household utensils 0.833 0.897 0.864 0.932 0.886 0.908
5 Clothing & footwear 1.000 1.000 1.000 0.956 0.909 0.932
6  Medical care 0.982 0.969 0.975 0.957 0.878 0.916
7  Transportation & communication 0.912 0.980 0.945 0.956 0.953 0.955
8 Education 0.982 0.870 0.922 0.883 0.877 0.880
9  Culture &recreation 0.867 0.974 0.917 0.903 0.828 0.863
10 Other consumption expenditures 0.930 0.941 0.936 0.925 0.817 0.868
11 Income 0.914 0.879 0.896 0.829 0.773 0.800
12 Receiptsotherthan income 1.000 0.999 0.999 0.000 0.000 0.000
13 Non-consumption expenditures 0.994 0.997 0.995 0.926 0.676 0.781
14  Disbursements otherthan expenditures 0.988 0.974 0.981 0.951 0.835 0.889
15  Carmy-over to next month 1.000 1.000 1.000 NA NA NA
16  Supplementarylabel 0.500 0.006 0.012 0.854 0.507 0.636
17  Consumption tax etc. 0.997 0.998 0.997 0.998 0.996 0.997
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# 3. FEERLD SVM Ic D < Tk L JEREE L SVM I HD K T E OISR R ©

Hei
Original Proposed

Number of text

descriptions of Number of text descriptions Number of text descriptions
Label Category targetdata  o0Tectly  incorrectly Accuracy  correctly incorrectly Accuracy

(a) predicted  predicted (b)/(a)  predicted predicted (b)/(a)
(b) (a)-(b) (b) (a)-(b)

1 Food 119,328 118,965 363  0.997 119,009 319  0.997
4 Furniture & household utensils 8,481 7,501 980 0.884 7,848 633 0.925
9 Culture & recreation 4,917 4,122 795 0.838 4,275 642 0.869
10 Other consumption expenditures 4,635 3,837 798 0.828 4,159 476 0.897

o, b E A7 74 2724 ) v 7icHo K SVM I X 30Tk
CORELE Bl BHIT—2D5H 7 ) TiT —2Dh% SUM OHHIT —2 L L
THHT 2 Fike, B COHAT — 2% SVM O#fili7T — 2 & LM 2 Fiko
DI ETHMEERZ (T o7z, KETHAEDOA v 74 v T — % % CHERERH % 1T - 7=
FERZ R T, ARGEECIE, PECHEE IS 3 2 28R EIC O W THGRER TV, 7 — &
it 2022 4 AR U5 AOKEHAET — 200 HEIEffox R et 7 -2 L LT
L7728 180 TtFoTF—2 % Hwiz, 205 b7 vy XA Ensz 90% () 162
J) #HAETT—2 & L, KO D 10% (§ 18 /ifF) %Hii7 — & & L CHWRZ, 4
I, B EERCE7 794 2722 ) v i EkO L SVM I X 30 EERTH 5,
K4 DLPICETOHMT — X% SVM &7 — & & LT L 2 5H&ofHE. T
LI VT RT —Z2DH% SVM OHUWiT—2 & LR L2560/ RE2 R LT,
INENOFHEICEVT, 779427722 ) v eI SYM 2T L 72856,
LB ER 7794 2722 ) v 7 icio< SYM 2 EfT L 7254 008k R0
Wi E T 72, S LI BRLERERAWAZT7 7V 4 2 722 ) v 7IcHo{ SVM Tk,
T = 2B 555 o HBSEE OIEIC SVM % 20 1F 72354 (Fuzzy clustering based
SVM with reinforcement learning (a)) & 7 — Z ¥ F % 5 @ HESEE O FIEIC SVM
%I 7254 (Fuzzy clustering based SVM with reinforcement learning (b)) ® =2 ®
NRE—v OVMITERE L 72, 722N no)fiEicE T, BiTof 7Y v P
SR AT LORAITREERE L 25 X5 Edh b 76.5% DT — & DA TR L
72356 ORER LRI T — 2 2T ERFHIE L 258 0/BRICOWTRLTwS, £, K5
FREFELO 77V 4 7 7 AR ) v 7Oy R il E 2 v 72 SVM I &
DOMRERCTH D, K4, K500, BTCOHKHIT — 2% SVM OHli7T — 2 & LTl
ML, 7=k 25750 HBE O RNET SVM % 22 J 72356 0 L8 2 w7z
7747 TARY v TICED K SVM MO FEICHAEN T L 2 2 Bbd 5, Y
FiETlH. B2 5 76.5%D 7 — 21k LT 0.9863 DIEMHK, ¥ 725Fli 7 — £ &Ikt
L T 0.9578 DIEMFR TIHEATHR 91.7% TH 572, & ST, WHK, FFHHE, fl-score D
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IS B VT U FESIMO FHRICHRTROIERTH - 72,

6, K71k, K4, K5 TRLEGTFERICET 2 SVM TORSAIGIC 25 2 515
FFZ R L Tw3, K6, K7 XD, RTOHAT— % % SVM OHiliF— 2 & LTl
ML 72560t rE 2 w7 724 7722 ) v 27ick-o < SVM (b) 23 b GHE
R AR 725 C L Ab 2B COFETIR, M 18 JiHFD T — XISk LT, £ 164
TR 2FT 5 C L AT E 7208, WLFE &M w2 LA 18 itFD 7 — 2 0
PR 5acH) 217 B L L 72,

F4., WLEEEH 7794 7722 v 2o SVM T X % Sk R

Method Evaluation data Coverage Accuracy Precision Recall Fl score
Fussy clustering based SM Evaluate top 76.5% of data 0.765 0.9860 0.9270 0.9150 0.9190
Use whole Evaluate whole data 1.000 0.9178 0.8220 0.7730 0.7900
d:i::?;)r Fuzzy clustering based SvM _ Evaluate top 76.5% of data 0.765 0.9862 0.9280 0.9150 0.9190
training with reinforcement leaming (a) Evajyate whole data 0.917  0.9575 0.8890 0.8700 0.8750
SVM Fuzzy clustering based SVM  Evaluate top 76.5% of data 0.765 0.9863 0.9290 0.9180 0.9210
with reinforeement leaming () Evapyate whole data 0.917 0.9578 0.8880 0.8730 0.8760
Fuzzy clustering based SYM Evaluate top 76.5% of data 0.765 0.9826 0.8990 0.8850 0.8880
Use only Evaluate whole data 1.000 0.9170 0.8070 0.7670 0.7790
gqlf:r;‘r Fuzzy clustering based SVM  Evaluate top 76.5% of data 0.765 0.9827 0.9010 0.8860 0.8890
training with reinforcement leaming (2) Eyalyate whole data 0.911  0.9577 0.8750 0.8490 0.8560
SVM  Fuzy clustering based SvM Evaluate top 76.5% of data 0.765 0.9831 0.9080 0.8960 0.8980
with reinforcement leaming (b) Eyajyate whole data 0.911  0.9539 0.8710 0.8540 0.8550

5. ik E % 7z SUM IC X 3 o fkE R

Method Evaluation data Coverage Accuracy Precision Recall FI score
SVM Evaluate top 76.5% of data 0.765 0.9857 0.9430 0.9330 0.9350
Use whole Evaluate whole data 1.000 0.9173 0.8170 0.7620 0.7810
d;z::i‘for SVM with reinforcement ~ Evaluate top 76.5% of data 0.765 0.9858 0.9440 0.9330 0.9360
training learning (a) Evaluate whole data 0.917 0.9572 0.8870 0.8620 0.8670
SVM SVM with reinforcement  Evaluate top 76.5% of data 0.765 0.9858 0.9440 0.9350 0.9370
leaming (b) Evaluate whole data 0.916 0.9576 0.8820 0.8640 0.8670
SUM Evaluate top 76.5% of data 0.765 0.9812 0.8930 0.8810 0.8810
Use only Evaluate whole data 1.000 0.9154 0.8030 0.7570 0.7720
gif:rf:r SVM “l/:;n:?:ﬁbmemem Evaluate top 76.5% of data 0.765 0.9814 0.8940 0.8810 0.8820
training 2@ Evaluate whole data 0.912  0.9572 0.8590 0.8330 0.8380
SVM SVM with reinforcement ~ Evaluate top 76.5% of data 0.765 0.9817 0.9020 0.8940 0.8910
learning (b) Evaluate whole data 0.911  0.9542 0.8480 0.8350 0.8340
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#F6. WMLEB R CT=7 74 72722 v o< SVM IC X 2 LB

Method Evaluation data Processing time
Evaluate top 76.5% of data
Fuzzy clustering based SVM 217.11 sec.
Use whole Evaluate whole data
training

Fuzzy clustering based SYM Evaluate top 76.5% of data

data%e.t for with reinforcement learning (@) Eyajuate whole data LS B
training
SVM Fuzzy clustering based SVM  Evaluate top 76.5% of data 164.28
with reinforcement learning (b) Eyatuate whole data ' Sec.
Evaluate top 76.5% of data
Fuzzy clustering based SVM 213.09 sec.
Use only Evaluate whole data
clearer Fuzzy clustering based SYM Evaluate top 76.5% of data
data for h reinfor ¢ learn 190.83 sec.
iraining with reinforcement learning (a) Evaluate whole data
SVM Fuzzy clustering based SYM  Evaluate top 76.5% of data 168.02
with reinforcement learning (b) Evaluate whole data ' s€c
7. LR A 72 SVM T X 2 ALER IR
Method Evaluation data Processing time
Evaluate top 76.5% of data
SVM 213.99 sec.
Use whole Evaluate whole data
fraining SVM with reinforcement ~ Evaluate top 76.5% of data
dataset for leamni 186.41 sec.
raining earning (a) Evaluate whole data
SVM SVM with reinforcement ~ Evaluate top 76.5% of data
learning (b) 168.02 sec.
caming Evaluate whole data
Evaluate top 76.5% of data
SVM 208.95 sec.
Use only Evaluate whole data
clearer

SVM with reinforc ¢ Evaluate top 76.5% of data
data for with remforeemen boon 188.10 sec.

fraining leaming (a) Evaluate whole data
SVM SVM with reinforcement ~ Evaluate top 76.5% of data
learnin (b) 169.29 sec.
© g Evaluate whole data
5. ¢

ATl WA E RIS SR IS oW T, R4 L2 AT 5 L 3hic, BEsEE X
D ZNODREFEDOEMEE R L7, 2N DTEOFHMICOWTIE, ZEkE S
I hizwv, £z, IO OFEZIEMICHW 2720121, AFECR L 72 7HlifaiE o &
753, T-norm RFHEE DE T X 2 BEAREE D22 FICIE U 7288 2 BREE A 22T
HY, Thxfrbd, Bic, T THRXEEFEDO L ZH T, T-norm O, [FHE
DO, 774 2 7 ARV VIFR VTR IR X =<2 VO ZIRES
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