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The restaurant franchise headquarters and the franchisees are organically connected, so the failure of the
franchisee affects the franchise headquarters. Their sales affect the unemployment rate, causing social and
economic crises. This study aims to analyze factors that affect low sales stores that are closely related to
franchise failure. To meet the objectives, we first collect Gangnam-gu POS(Point of Sales) data and then analyze
them with various machine learning algorithms. Our results show that LGBM(Light Gradient Boosting
Machine) has the highest performance (accuracy 0.908). We apply the results with SHAP(Shapley Additional
exPlanations), which is an explainale Al to visualize the positive and negative effects of variables. In the near
future, this study is expected to be utilized in suggesting a store operation strategy that can reduce the probability
of franchise closure.
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Figure 1. Distribution of Average Sales per De Facto Population in “M” Coffee

Table 1. Description of Variables

Variables Description Unit Type Range
Under 5,000's Average sales by time per 10,000 de
: Lower group(1)
Dependent LOWER _ facto population Cateor
Variable GROUP Over 5,000's Average sales by time per 10,000 de o
) Other group(0)
facto population
Open(6am to 10am) 1
Middle I (11am to 2pm) 2
TIME - Category
Middle H(3pm to 6pm) 3
Independent Closing(7pm to 11pm) 4
Variables COMMERCIAL 269935.2
Sum of commercial area with a radius of 300m e Numeric ( N
_AREA 45141.24)
DE FACTO_ (Ratio of admin with a 300m radius of the store)* N .| (194179.53,
umeric
POPULATION (Average daily active population by admin) 34224.16)
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dures)o] BF EEFHQA LEA 20|} (Akiba et al, 2019).
Optuna®] # A3} ¢85S WHE(Trial) 5 Loss function .
2 y7h4 stolHutetr|H o) 7152 ARE-ske] W o] A ¢k A A
3t O RE Brkd stold v H Y Samples Al¢Hete
TPE(Tree-Structured Parzen Estimator)d 18] &S AF&3H T
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Figure 2. Flow Chart of Low Sales Franchise Store Classification Model

Table 2. Parameters of Optuna and Derived Hyperparameters of Five Models (Decision Tree, Random Forest, XGBoost, LGBM,

SVM)
Parameters of Optuna
Trial 100 ‘ Cross Validation ‘ 5 fold Optimization Algorithm ‘ TPE Algorithm
Model Hyperparameters
. max_depth min_samples_split min_samples leaf
Decision Tree
5 43 2
max_depth min_samples_leaf n_estimators max_features
Random Forest
4 7 327 0.120802808
max_depth min_child_weight n_estimators learning_rate
XGBoost
5 7 115 0.485036366
LGBM max_depth min_child_samples n_estimators num_leaves learning_rate
5 10 143 6 0.067009560
kernel gamma C
SVM
RBF 2.797443056 2.771604125

5. 4% 23

<Table 3> Optuna & Z-&3to] Fd < AqPst7] A, $9 5
N = (Decision Tree, Random Forest, SVM, XGBoost,
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Table 3. Performance Comparison Between Five Models (Decision Tree, Random Forest, XGBoost, LGBM, SVM)

Model Tuning max_depth Overfitting Train_acc Test _acc Precision Recall | F1-Score
. X 20 0 0.988 0.865 0.873 0.817 0.844
Decision Tree
0 5 X 0.894 0.872 0.857 0.857 0.857
X Until the end 0 0.988 0.872 0.875 0.833 0.854
Random Forest
0 4 X 0.891 0.883 0.860 0.881 0.871
X Until the end - 0.904 0.908 0.868 0.937 0.901
XGBoost
(0] 5 0 0.931 0.894 0.881 0.881 0.881
X Until the end 0] 0.945 0.883 0.872 0.865 0.869
LGBM
0 5 X 0911 0.908 0.868 0.937 0.901
SVM X - - 0.864 0.901 0.883 0.897 0.890
(0] - - 0.899 0.908 0.868 0.937 0.901
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Figure 3. LGBM’s Feature Importance Calculated by the SHAP
Method
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