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Abstract

From the perspective of quantitative analysis, this paper established a variety of machine learning
models to study the productivity data of garment factory employees in the UCI database. A mul-
ti-dimensional index system from four dimensions of material incentive, workload, production
accident and target actuation was constructed to predict the actual productivity of target variable.
Then six machine learning models including SVM with different kernels, kernel density naive
Bayes, random forest were established to obtain satisfactory results. The test set’s classification
accuracy of random forest was the highest, which was 83.20%. Then, the parameter of the initial
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random forest was optimized, and the generalization ability of the model was improved. Finally,
based on the features importance obtained by the random forest model, this paper analyzed and
concluded the most important factors affecting the actual productivity.
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Figure 1. Schematic diagram of SVM
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Figure 2. Modeling process
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Figure 3. Boxplots
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Table 2. Statistical analysis table

=2 Gtk

A B4 FEA & RKME w/ME S EIME PRtz GREDAE
targeted_productivity 1160 0.8 0.07 0.728 0.099 0.75
smv 1160 54.56 2.9 15.015 11.005 15.26
over_time 1160 25,920 0 4575.302 3363.476 3960
incentive 1160 3600 0 37.013 162.301 0
idle_time 1160 300 0 0.753 12.91 0
idle_men 1160 45 0 0.381 3.32 0
no_of_style_change 1160 2 0 0.155 0.434 0
actual_productivity 1160 0.999995238 0.233705476 0.726 0.169 0.754
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Table 3. Spearman correlation coefficient

% 3. HBUREBHEXEH

FREAR & Hr BR 2R R U
targeted_productivity 0.4081 (0.000***)
smv —0.09864 (0.001***)
over_time —0.03926 (0.197)
incentive 0.1979 (0.000***)
idle_time ~0.1468 (0.000***)
idle_men —0.1469 (0.000***)
no_of_style_change —0.229 (0.000***)
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Table 4. Final indicator system
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Table 5. Parameters of SVM
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Table 6. Parameters of random forest
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Table 7. Result of each model
7. BIRBITIGER

il P38 F a2
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