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Abstract

With the continuous development and improvement of communication network engineering and
new infrastructure technologies, China is gradually realizing the transition from a 4G society to a
5G society. 5G, with its technical advantages of low latency, large bandwidth and wide connectivity,
has become an important technical background for the construction of smart cities and digital vil-
lages. In order to achieve the conditions for large-scale connectivity of 5G networks required for
the construction of smart cities, a higher utilization rate of 5G users is required. Based on this
problem, this paper obtains data from a mobile big data platform, builds a classification prediction
model based on the prediction problem of potential 5G users, correctly identifies potential 5G us-
ers and makes accurate service recommendations to them, improves the 5G utilization rate in
China, and promotes the rapid upgrade of the construction of new smart cities. The process of
building the prediction model mainly includes data pre-processing, feature engineering, training
and evaluation of the model. Firstly, data pre-processing and exploratory analysis were performed,
and a series of pre-processing work including data cleaning, removal of unique value attributes,
data transformation, etc. were carried out for the data, followed by variable screening of the fea-
tures in the dataset of this paper through chi-square test, statistical t-test and Pearson correlation
coefficient method, and 24 feature variables with high feature importance were screened out.
Models were constructed based on the screened feature variables, including Random Forest model,
CatBoost model, and LightGBM model, and parameter tuning was performed to find the optimal
parameters. The models are built according to the obtained optimal parameters and tested by the
test set, and the models are evaluated by accuracy, recall, and AUC value indexes, and the compar-
ison reveals that the LightGBM model is generally better than other models for 5G potential user
prediction. In addition, the importance scores of the features are obtained by the above model and
ranked in importance. Through the method of this paper to achieve more accurate identification
and mining of 5G potential users, operators can accordingly realize accurate marketing for differ-
ent customers, promote more users to realize the transition from 4G to 5G, and accelerate the
sustainable development of China’s 5G market and the construction of smart cities.
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Figure 1. Article structure flow chart
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Table 1. Missing variables and quantity
F 1 REATERYE

AR B AR B H R AR [N
X3 2161 X20 133
X5 217 X21 133
X6 36 X22 133
X7 36 X23 133
X8 36 X26 32,329
X9 36 X27 32,329
X10 36 X28 241
X11 36 X29 241
X12 36 X30 241
X13 36 X31 241
X14 36 X32 2083
X15 36 X33 2083
X16 36 X34 2916
X17 36 X35 3149
X18 133 X36 3072
X19 133 X38 42,608
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Table 2. Text data conversion
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Figure 2. Correlation heat map
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Table 3. Obfuscation matrix example
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IEREATIA GREATIMI P
IEFEA SR A C
FAEA SR B D

1) #ERfZE (Accuracy) A& T A 28 A H 7 I IE A I LE R o
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IR =—— —  x100% 2
e A+B+C+D>< ° @)
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6.2. FEALARHK

BELARM A —Fh B e W R R SR S, 8 TR I i) Bagging 5. HHT-HL— R SR T e
SIERTLA TR IRZE, ZEIVEZRE 2 DA S 45 Giteok, I — g S v] GE A7 78
{14 SR 874 AR S DT AN D 10 8 o AR SCIRIAT 552 0 G Y FE R BRI, JB T K0 4% NB R A,
ARARA B — AN TR SRR AT HON 5 4028, 0P — RS 1 23 28 45 AT IR I8, B R R 2 1)
TR —SRAE N BEN LR ) I 22 45 2

7£ Python {17 F|H RandomForestClassifier %L AT LASZELBEHLARAR B 43 200 @, 3 B FE:
VLR BIRRAR (n_estimators). 1) 73 i S b e D0 R TR B =% R 1) B KR AIE B (max_features) 15 s e /D B
A% (min_samples_leaf). fe/NEEALIZS % H (min_samples_split)2%. &Y B S 30T DL E R 1 15
RO o ASCAE FH RS 48 2R GridSearchCV BEGHEAT IS, W Bh FERAL 45 SR B A S EUVE NN RS 15 2R 1) i
S, HphmhsHwd 4 s, BaEMRSEEUCENBRTN, 1520084 Rk 5 Frox.

6.3. CatBoost

Cathoost 5Hi%E2 —Mti A 70 ALK T M s 5%, 2 FE I B> A AE A BT 5 LU A
FTH TR MITT i, SR 1AL RTELA RO G 9 5%, W A7 AE 10 5 S L4 5 MO I 2R P A
(I 15 i 22 i L o
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Table 4. Optimal parameter values for random forest
= 4. N AN SRS HEVE

SRR BE
criterion entropy
n_neighbors 130
min_samples_split 46
min_samples_leaf 4
max_features auto

Table 5. Random forest evaluation index results

7= 5. FEHLARMITMNFEHREE R

PR A
HERf 2 0.8768
FENEE 0.8610

AUC 0.8210

1) 73 FAHEH bRgET

FeGRLEIETH A, 2% K R R IR AV BUE RAC T, AR BRI 2% IS AL = IR 7 R 24T Ak
B, ARYERHIERT AT LAMI AT One-hot, 438 51 v £ FERFAIE R One-hot #4623 Fl 48 B R AR ) Rl A IR
AR, SR SRRFE A AR GETT Uik, MG B AR AR R AT dls, S AR B AR ) A1 RO
Doy RYEFETT I -

2) AR #Tt ik

T £2 A BB P A 22 SN A, BARRBUNERS BRGNS AR, IR 6B (i 2= iR A, 8K
BRI A . A FIRT— G R, A BTN (i A2 Hh ok B2 22 (s, BT SR IUNEREE
FTH R0, BN HRAE— BT A BetR 4R, 3K 2 AT B TR U2 ], SRAS R IMAE KA 2=

FIFER AT SHORIL, B RIS R L 6. TR, RIEFIIHRIS BN K4
NIRRT VR, A5 BTN AR IR R 7 Bk

Table 6. Optimal parameter values for Catboost
Fz 6. Catboost LS HEVE

AR ZHE
iterations 1000
R 0.05
max_depth 7

Table 7. Cathoost evaluation metrics results
%< 7. Catboost TN TE#REER

PRI %
T ES 0.9198
eI 0.8646
AUC 0.8987
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M RFFRABE W T ESHEERUNE 8 Fros. B LR AR S 2 R 1 i £ 2 BB i AR R BT
BAT, FHRRERL A NI AR H HEAT TN R b, 331 GnEE 9 TR .

Table 8. Optimal parameter values for LightGBM
%2 8. LightGBM & & HEE

24 ZHUH
FETH 5 gbdt
H b bR 3L =K
Panill i Gini
S 0.1
555 21 2 BB 100
W) B KR FEE 6
1 L T R P e /N A B 1
BRI A R4 16
THEALFR B RAE S 0.8

Table 9. LightGBM evaluation metrics results
2 9. LightGBM T/ $5#reE R

PR TRRR HIPR
ATES 0.9103
(EIEES 0.8703
AUC 0.8835

M ERERATLLA 1, lightGBM BTN AR R 4F, THIMAERELIES] T 90%. WAt id, A%
RUEAT TN, T DUBCAERA 0 70 H 5G W AEZS ), T LASERSHE R E AL

6.5. EHRBIELE
iR a3 5 N SREE VI SR N B AE B P T AR T, 3 st 8B SR PR A AR T f v AE P TR . @
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Table 10. Comparison of different model evaluation indicators for 5G potential users

7 10. 5G BER PR EHRELTMN HEAREL B

F A R FERTI RS AUC 18
BEMLARA 0.8768 0.8660 0.8652
CatBoost 0.9198 0.8646 0.8987
LightGBM 0.9103 0.8713 0.9031

o ROC Curve
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LightGBM (AUC=0.901)
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Figure 3. ROC curves for each model
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Figure 4. Ranking the importance of each model feature
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