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A study on forecasting attendance rate of reserve forces training
based on Data Mining
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Abstract The mission of the reserve forces unit is to prepare good training for reserve forces during
peacetime. For good training, units require proper organization support agents, but they have difficulties
due to a lack of unit members. For that reason, the units forecast the monthly attendance rate of reserve
forces (using the x-1 year's result) to organize support agents and unit schedule. On the other hand, the
existing planning method can have more errors compared to the actual result of the attendance rate.
This problem has a negative effect on the training performance. Therefore, it requires more accurate
forecast models to reduce attendance rate errors. This paper proposes an attendance rate forecast model
using data mining. To verify the proposed data mining based model, the existing planning method was
compared with the proposed model using real data. The results showed that the proposed model

outperforms the existing planning method.
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Table 1. Related research

Objective Data
H.T.Kiml[4]
H.M.Yoonl[5] Demand of Real data
- - Forecast spare parts
T.K.Kiml[6]
K.HKwakl7] Porecast
mobilization rate
e of Virtual data
S.YKimis] Analysis of
personal mobilization
This paper Forecast attendance'r?te of Real data
reserve forces training
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Data learning
Step 2 (Cross Validation)
&
Step 3 Performance result
ep (forecast of x year’s attendance rate)
&
Step 4 Performance evaluation
€p (use MSE)

Fig. 1. Attendance rate forecast model using data
mining
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Where, k denotes independent variable,

px denotes rate of including class k
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Where, 8; denotes regression coefficient (i=0 to 8),
X; denotes independent variable (i=1 to 8),

¢ denotes noising coefficient
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Table 2. Original data

Data| Y | M| D| AT | HOY | Remm) [—Pe0Re

as B % blan Result

1 17] 3 20 21 66.8 2.6 290 197

2 ‘17| 3 3| 27 67.8 0.0 204 140

3 171 3| 6] 15 43.9 0.0 237 164

510 | ‘19| 11| 27| 4.2 65.0 0.0 250 138
511 | 19| 11| 28 2.7 77.5 0.0 220 119
512 | '19] 11] 29 0.8 67.6 0.0 190 112

Y : Year / M : Month / D : Day
AT : Average Temperature

H : Humidity

R : Rainfall
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Table 3. Existing forecast model

Table 4. Data mining forecast model

Forecast rate(%)

Data Year | Month | Day
DT MLRA RF
1 ‘18 3 2 58.5 64.7 67.1
2 ‘18 3 5 69.4 65.0 67.7
3 ‘18 3 6 66.0 64.5 68.1
346 ‘19 11 27 57.8 60.7 61.2
347 ‘19 11 28 56.1 68.1 65.7
348 ‘19 11 29 61.1 633 59.3

DT : Decision Tree(CART)
MLRA : Multiple Linear Regression Analysis
RF : Random Forest

Table 5. Performance result

Data| Year |Month| Day True value Forecast rare(’)
©6) E | DT | MIRA | RF
1|18 3 2 67.7 70.0|585| 647 |67.1
2 ‘18 3 5 68.4 70.0|69.4| 65.0 |67.7
3| 18 3 6 68.8 70.0 | 66.0 | 645 |68.1
346 | 19 | 11 | 27 62.9 75.0|57.8| 60.7 | 61.2
347 | ‘19 11 28 64.1 75.0(56.1| 68.1 | 657
348 | ‘19 11 29 52.1 75.0|61.1| 63.3 |59.3

E : Existing forecast model
DT : Decision Tree(CART)

MLRA : Multiple Linear Regression Analysis
Data Year Month Day Forecast rate(%) RF : Random Forest
1 ‘18 3 2 70
2 ‘18 3 5 70
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‘é;‘% (1):]/\ S o -’]}\]' ;Sh’}‘l" E%] 69 4%, %QJ:HH Model RF DT MLRA E
A P2 65.0% WY ZIAE HPF2 67.7%= A Result 0.007 0.013 0.014 0.017
ke AL & 4 AUk Raok | 1 2 5 .
Table 5% Table 3-49] cl&ZAT}e} U7 Y£LS RE : Random Forest
~ . DT : Decision Tree(CART)
H]_’fﬂ' 740]1:]— Data 2= Oﬂ’aé‘ %tq, 184 3%]_ 501 {%-]_ MLRA : Multiple Linear Regression Analysis
X']] Oﬂﬂlq‘—cL o] AgL (8. 4%01_, ]}_ Oﬂé‘]ﬂc}%‘% E : Existing forecast
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