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7.41E% 2: FUMSE

FFAETAES5 | PRI ZELA 6 P
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2. Gt AT BA E A KT AT A ROAEA NI B Zei R A
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=R TN Zh R B PR P SR B S P LB B R I

4. HEHU Top 3: MBFAMIEE=TCAIR, HH BN E S I Bing 3 1414 . 4
AL R MR TD RN B NP SRR (U +
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7.5 {RBIRK R

PR H BTN ZER, BATHZ B LA N 2B T T -
Stepl: AT 3 HAYFELTNAAY , TN 2024 4= 7 H 23 HH P AL L.
Step2: X TEEANTMCAAELRI A, (EAMESS 2 PRI IE AT 0N, 132144 ) -1
F-I Bl A B TN B Eh A
Step3:  XFEEA, FIRIN EEh BN S EIRHE . 0¥ Top 3 HA .
SRR BI I Z5 R R R s -

F6 RPFE2024 47 A 23 BERBRESNEE

1 ID U10 U1951 | U1833 U26447
¢ D1 B2 / B19 B13
B 1 | 02:00-03:00 / 01:00-02:00 | 02:00-03:00
i3 ID2 B2 / B15 B45
NEF2 | 15:00-16:00 / 03:00-04:00 | 15:00-16:00
183 ID3 B23 / B13 B45
HEF3 | 16:00-17:00 / 11:00-12:00 | 20:00-21:00

7.6 tRBIGTH
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R A [EE—BEHL ARSI

import pandas as pd
import numpy as np
from datetime import datetime, timedelta
from sklearn.ensemble import RandomForestRegressor
from sklearn.model_selection import RandomizedSearchCV, KFold
from sklearn.metrics import (
mean_absolute_error,
mean_squared_error,
r2_score,
) # FAIRAEHEAR
from scipy.stats import randint, uniform # | T & X [aiLi¥ = H 5 4 n A
import warnings

import os # | NosHE P X R L FAE

# AR RN

warnings.filterwarnings("ignore")

#—— WE ——-

file_path = "program/al.csv" # R X142 B
prediction_date = datetime(2024, 7, 21)
historical_start_date = datetime(2024, 7, 11)
historical_end_date = datetime(2024, 7, 20)
lookback_days = 3 # f 7l k REYHIE(E N, XE k=3

# - BEXHREHE —
if not os.path.exists(file_path):
print (f"4 &k X8 &x#*K % - {file_path}")
print ("HHA M HFL.csv' XHEMAER —HEET. ")

exit()

#-—- 1. KEWHETLE -
print(£" EZEn# %45 : {file_path}...")
try:
# ZREFGHWER Y A, {8 Edtype
dtype_spec = {
"UserID": "category",
"UserBehaviour": "int8",
"BloggerID": "category",
"Time": "object", # ﬁﬁtiobject, F i datetime
}
df = pd.read_csv(file_path, dtype=dtype_spec, low_memory=False)
print (" B3 n T A"

# S Bt

print ("EAEZBEEAERX. ")

df ["Time"] = pd.to_datetime(df["Time"])
df ["Date"] = df["Time"].dt.date
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print (" B 5] 4 X 5 ¥ 52 K. ")

# R BETEE
print(
fU'IFE AT ES I H E {historical_start_date.date()} -
{historical_end_date.date()}..."
)
df _history = df[
(df ["Date"] >= historical_start_date.date())
& (df ["Date"] <= historical_end_date.date())
1.copyO
print (£"3T R T A&, F4 {len(df_history)} & ZiE.")

# B R 46 KDataFrame 4 77
del df

except Exception as e:
print (£" 248 0 H F A0 F L K {e}")
exit() # WREFEMH KK, HER N

# IREUPT A AU £ ID, JE 4 TN F N P A X S £ #H4T
all_blogger_ids = df_history["BloggerID"].unique()
print(£"3t % {len(all_blogger_ids)} fLi £ /i ¢ HIEF HI.")

#-— 2. WHEHEFHITHK —-

print("EATEFHEET ...

# £ Flpivot_table ¥ J7 MR I & M AT A 0 & H it &

daily_interactions = (

pd.pivot_table(

df_history,
values="UserID", # & —/MAFI BT, KA R K QITH
index=["BloggerID", "Date"],
columns="UserBehaviour",

aggfunc="count",

£ill value=0, # X4: FOHE AR ARAERANWES/MEAL

)
.rename (
columns={
1: "watch_count",
2: "like_count",
3: "comment_count",
4: "follow_count",
}
)

.reset_index ()

# RMRATAE AR & B HAAILE, BHETHY0
# QIEPT A AT = B R4 A
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all_dates_in_history = pd.date_range(
start=historical_start_date.date(), end=historical_end_date.date(), freq="D"
) .date
all_blogger_date_combinations = pd.Multilndex.from_product (
[all_blogger_ids, all_dates_in_history], names=["BloggerID", "Date"]
)
daily_interactions = (
daily_interactions.set_index(["BloggerID", "Date"])
.reindex(all_blogger_date_combinations, fill_value=0)

.reset_index()

print ("4 H T 301 Bt & 7o)
# print(daily_interactions.head())

# —— 3. MBINEHEE ——
print(f" E E MBI A EIEE (FA A {lookback_days} REFFETM L K)...")

X_train = []
y_train = []
train_samples_meta = [1 # 77 fibFFAx Xt i oy 1 & Fo B 2

# Y4 EMFEHEE: M historical_start_date + lookback_days %| historical_end_date
train_start_date = historical_start_date + timedelta(days=lookback_days)

train_end_date = historical_end_date

# ORI AR B 4T B A K
if train_start_date > historical_end_date:
print(
fU459%: Jh # %3 B ({historical_start_date.date()} -
{historical_end_date.date()}) A%, LHEMEINHE (FEZE/) {lookback_days +
1} R)."
)
exit ()

current_train_date = train_start_date
while current_train_date <= train_end_date:
lookback_end = current_train_date - timedelta(days=1)

lookback_start = current_train_date - timedelta(days=lookback_days)

# RIECL T 4 B A0 B AT AR
target_day_data = daily_interactions[

daily_interactions["Date"] == current_train_date.date()

# RIUA Y % BB WSS (A lookback_days HyIL &)

feature_window_data = daily_interactions[
(daily_interactions["Date"] >= lookback_start.date())
& (daily_interactions["Date"] <= lookback_end.date())
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# WHEIDIL XRHAEF 1 0 Bde
features_aggregated = (
feature_window_data.groupby("BloggerID") [
["watch_count", "like_count", "comment_count", "follow_count"]
]
.sum()
.reset_index ()
)
features_aggregated.rename (

columns={

"watch_count": "sum_watch_prev",
"like_count": "sum_like_prev",
"comment_count": "sum_comment_prev",
"follow_count": "sum_follow_prev",

}7

inplace=True,

# BRPTAEE, W EMEEAELWMI &I AR A
for blogger_id in all_blogger_ids:
# REVFAE (JOEET Ak A Sty | £)
blogger_features = features_aggregated[
features_aggregated["BloggerID"] == blogger_id
]
if blogger_features.empty:
features_row = [0, 0, 0, 0] # 4R Hlookback_daysi% H #kE, HF4E KO
else:
features_row = (
blogger_features|[
[
"sum_watch_prev",
"sum_like_prev",
"sum_comment_prev",

"sum_follow_prev",

]
.iloc[0]
.tolist ()

# RBERF (REYREHXENEL)
blogger_target = target_day_datal[target_day_data["BloggerID"] == blogger_id]
target_value = (

blogger_target["follow_count"].iloc[0] if not blogger_target.empty else O
) # WRYREHKE, ERFNO

X_train.append(features_row)
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y_train.append(target_value)
train_samples_meta.append(
(blogger_id, current_train_date.date())

) # IEFHEATHE

current_train_date += timedelta(days=1)

X_train = np.array(X_train)

y_train = np.array(y_train)

print (£" W A BB EME TR, £ {len(X_train)} MFEEAR.")
# print("X_train sample:", X_train[:5])
# print("y_train sample:", y_train[:5])

¢ — 4. ZHAER ——
print ("\niE E# 4T 5 # A (RandomizedSearchCV)...")

# EXSHEREN

param_distributions = {
"n_estimators": randint(50, 301), # WY HEA 50 Z| 300 2[5 A H
"max_depth": [None]
+ list(

randint (10, 51).rvs(size=20)

), # WARETLLZ None, H#& 10 2| 50 Z[Aoy— s EH AL HAKE)
"min_samples_split": randint(2, 21), # A HFrFNR/NERKE 2 2| 20 Z EHENEHK
"min_samples_leaf": randint(1, 11), # "3 HPrH MR/ DFALKAE 1 3| 10 2 FRFEHLEHK
"max_features": ["sqrt", "log2", 1.0], # FHIREL ML WL E

# 28 I TE R
# £ Jf KFold with shuffle. cv=5 K 5% XHil,
cv_strategy = KFold(n_splits=5, shuffle=True, random_state=42)

# W41 RandomizedSearchCV
# n_iter: MALRBWSHKAGHE. XEREN 50 KERK, TURETHFFERE.
# scoring: Ef f-FH L IR ZE AT, ReHF (X2 AHIEZE).
# random_state: TRILZEFETE .
# n_jobs=-1: FIJF FT A% Q#HATHATITE
random_search = RandomizedSearchCV(
estimator=RandomForestRegressor (random_state=42), # t& \ —>FLat4 A 5 4
param_distributions=param_distributions,
n_iter=60, # ¥iX 50 NEEMSHKL G, XAMET UAREITTH R E
cv=cv_strategy,
scoring="neg_mean_absolute_error",
verbose=1, # ITHI#EZ &
random_state=42,

n_jobs=-1,
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# EY GHE LT R

random_search.fit(X_train, y_train)

print("\l’lz‘}ﬁkiﬁ]ﬁi%ﬁz .M
print ("&ES 44", random_search.best_params_)
print (" £ X XIIE{F% (fIMAE):", random_search.best_score_) # iX & MMAE, {H ik A#L4T

# ——— 5. FARKSHINARLHER ——

print ("\nEE#EH RMES BN FREAHER ...

final model = random_search.best_estimator_ # 7k B A 5 £ 2 $ iy i)l S 4 iy 42 AL 5243
# 71 &: best_estimator_ EAAWLHHKE LEMATT, TUHEEATHM

print ("RABB Y LT K (EARESH).")

# -—- 6. HAE)HE LWIFH -—-
print ("\n EAE PN RAMBAENFE Lot

# R | SR 5 o M AL 3 ) Sk B HEAT TN

y_train_pred = final_model.predict(X_train)

# FRTMERE G WS ENTE, UESE LM
y_train_pred_rounded = np.round(y_train_pred).astype(int)

y_train_pred_rounded[y_train_pred_rounded < 0] = 0O

# THHIP AT

mae_train = mean_absolute_error(y_train, y_train_pred_rounded)
mse_train = mean_squared_error(y_train, y_train_pred_rounded)
rmse_train = np.sqrt(mse_train)

r2_train = r2_score(y_train, y_train_pred_rounded)

print (f" Y HFEFHELER:")

print (f" FH %1% % (MAE): {mae_train:.4f}")
print(f" ¥ %1% % (MSE): {mse_train:.4f}")
print(f" ¥ 7Rk %= (RMSE): {rmse_train:.4f}")
print (£" HE Z# (R?): {r2_train:.4f}")

print ("B A E K. ")

# -—— 7. METNEHEE ——
print(
f'\nlF EHETMEHKEE (f£F {prediction_date.date()-timedelta(days=lookback_days)}
- {prediction_date.date()-timedelta(days=1)} ZH& M|
{prediction_date.date()})..."

# TMED: 7.18 F 7.20 (R lookback_days=3)
prediction_feature_start_date = prediction_date - timedelta(days=lookback_days)

prediction_feature_end_date = prediction_date - timedelta(days=1)
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¢ HRTNFAEFT DAL EBFERER
if (
prediction_feature_start_date.date() < historical_start_date.date()

or prediction_feature_end_date.date() > historical_end_date.date()

print(
fUeR 0 FUNAAEH O ({prediction_feature_start_date.date()} -
{prediction_feature_end_date.date()}) #&H i ¥ 4k &
({historical_start_date.date()} - {historical_end_date.date()})."

exit()

# RPN H 8RB FE (AT lookback_days YL &)
prediction_feature_window_data = daily_interactions[
(daily_interactions["Date"] >= prediction_feature_start_date.date())

& (daily_interactions["Date"] <= prediction_feature_end_date.date())

X_pred = []
predict_blogger_ids = []

# RN PR A2 B o AT W 2 e UM R
for blogger_id in all_blogger_ids:
blogger_features = prediction_feature_window_datal

prediction_feature_window_data["BloggerID"] == blogger_id

if blogger_features.empty:
features_row = [0, 0, 0, 0] # WX Fllookback_daysikH &, HFIEHO
else:
# L B Al lookback_days HyZ¥
sum_features = (
blogger_features[
["watch_count", "like_count", "comment_count", "follow_count"]
]
.sum()
.tolist ()
)

features_row = sum_features

X_pred.append(features_row)

predict_blogger_ids.append(blogger_id)
X_pred = np.array(X_pred)

print (£" T 24 £ E K, # {len(X_pred)} MEA.")
# print("X_pred sample:", X_pred[:5])
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# -—- 8. #HATHM -

print ("IF 756 I A A SATTOM ... ")
predictions = final_model.predict(X_pred)
print ("M 5 A& . ")

# - 9. FAESERHE -
print ("EAEA BTN LR A RFEL ... ")

# BRTN R4 0O & ENRUE
predicted_follows = np.round(predictions).astype(int)
predicted_follows [predicted_follows < 0] = 0O

# 2% KDataFrame
results_df = pd.DataFrame(
{"BloggerID": predict_blogger_ids, "PredictedFollows_20240721": predicted_follows}

# WM R FHET
results_df = results_df.sort_values(by="PredictedFollows_20240721", ascending=False)

# HIRATEMLH =
top_5_bloggers = results_df.head(5)

print ("\nT 5% &, 2024.7.21 Y HHFWE X ERZLHSLEE: ")
# WEELE X E
print("F1: 2024.7.21 Y HHFH K ER K S HMEE")
print("-" * 40)
# £l to_markdown B to_string 1T FH K R&HH X
try:

# WRZHK T tabulate &

from tabulate import tabulate

print (tabulate(top_5_bloggers, headers="keys", tablefmt="github", showindex=False))
except ImportError:
# TN HF to_string
print(
top_5_bloggers.rename (
columns={"PredictedFollows_20240721": "#73#¢ X i "}

) .to_string(index=False)

print("-" x* 40)

Miz® B 4HERE

def create_historical_features(df_hist_subset, reference_date):
# # 1%k Date 7|R datetime KA
df_hist_subset["Date"] = pd.to_datetime(df_hist_subset["Date"])
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# I WA E B2 A e 2t
# #H .copy() ##% SettingWithCopyWarning
hist_ref = df_hist_subset[df_hist_subset["Date"] <= reference_date].copy()

# WHE hist_ref N %, HFERE ZXDataFrame
if hist_ref.empty:
print(
f"Warning: No historical data found up to {reference_date.date()}. Returning
empty dataframes."
)
# R A LB 4 B EDataFrame, DB 5 Simerge f & 1 4
user_agg = pd.DataFrame(columns=["UserID"])
blogger_agg = pd.DataFrame(columns=["BloggerID"])
user_blogger_hist_agg = pd.DataFrame(columns=["UserID", "BloggerID"])
return user_agg, blogger_agg, user_blogger_hist_agg

user_agg = (
hist_ref.groupby("UserID")
.agg(
user_hist_interactions=(
"BloggerID",
"count",

), # Total interactions (all behaviours) in full history

user_hist_unique_bloggers=("BloggerID", "nunique"),
user_hist_follows=("UserBehaviour", lambda x: (x == 4).sum()),
user_hist_views=("UserBehaviour", lambda x: (x == 1).sum()),
user_hist_likes=("UserBehaviour", lambda x: (x == 2).sum()),
user_hist_comments=("UserBehaviour", lambda x: (x == 3).sum()),

user_active_days=("Date", "nunique"), # Active days in full history
user_first_active_date=("Date", "min"),
user_last_active_date=("Date", "max"),
)
.reset_index()
)
user_agg["user_follow_rate"] = user_agg["user_hist_follows"] / user_aggl
"user_hist_interactions"
].replace(0, 1)
user_agg["user_days_since_last_active"] = (
reference_date - user_agg["user_last_active_date"]
) .dt.days
user_agg["user_account_age_days"] = (
reference_date - user_agg["user_first_active_date"]

) .dt.days

blogger_agg = (
hist_ref.groupby("BloggerID")

.agg(
blogger_hist_interactions=(
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"UserID",
"count",
), # Total interactions received in full history
blogger_hist_unique_users=("UserID", "nunique"),
blogger_hist_follows=(
"UserBehaviour",
lambda x: (x == 4).sum(),
), # Follows received
blogger_hist_views=(
"UserBehaviour",
lambda x: (x == 1).sum(),
), # Views received
blogger_hist_likes=(
"UserBehaviour",
lambda x: (x == 2).sum(),
), # Likes received
blogger_hist_comments=(
"UserBehaviour",
lambda x: (x == 3).sum(),
), # Comments received
blogger_active_days=(
"Date",
"nunique",
), # Active days (had interactions) in full history
blogger_first_active_date=("Date", "min"),
blogger_last_active_date=("Date", "max"),
)
.reset_index()
)
blogger_agg["blogger_follow_rate"] = blogger_aggl
"blogger_hist_follows"
1 / blogger_aggl"blogger_hist_interactions"].replace(0, 1)
blogger_agg["blogger_days_since_last_active"] = (
reference_date - blogger_aggl"blogger_last_active_date"]
) .dt.days
blogger_agg["blogger_account_age_days"] = (
reference_date - blogger_agg["blogger_first_active_date"]
) .dt.days

gc.collect ()

# -—— WHA - EREHME (ENGEHFE up to reference_date) -—-
# print("Calculating user-blogger interaction features...") # KR/ NTEH
user_blogger_hist_agg = (
hist_ref.groupby(["UserID", "BloggerID"])
.agg(
ub_hist_interactions=(
"Time",

"count",
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), # Total interactions in full history

ub_hist_views=("UserBehaviour", lambda x: (x == 1).sum()),
ub_hist_likes=("UserBehaviour", lambda x: (x == 2).sum()),
ub_hist_comments=("UserBehaviour", lambda x: (x == 3).sum()),

ub_hist_follows=(
"UserBehaviour",
lambda x: (x == 4).sum(),
), # Add ub follows
ub_first_interaction_date=("Date", "min"),
ub_last_interaction_date=("Date", "max"),
ub_interaction_days=("Date", "nunique"), # Interaction days in full history
)
.reset_index ()
)
user_blogger_hist_agg["ub_days_since_first_interaction"] = (
reference_date - user_blogger_hist_agg["ub_first_interaction_date"]
) .dt.days
user_blogger_hist_agg["ub_days_since_last_interaction"] = (
reference_date - user_blogger_hist_agg["ub_last_interaction_date"]
) .dt.days
user_blogger_hist_agg["ub_interaction_frequency"] = user_blogger_hist_aggl[
"ub_hist_interactions"
] / user_blogger_hist_agg["ub_interaction_days"].replace(0, 1)
user_blogger_hist_agg["ub_follow_rate"] = user_blogger_hist_aggl
"ub_hist_follows"
] / user_blogger_hist_agg["ub_hist_interactions"].replace(
0, 1
) # Add ub follow rate

gc.collect()

# - M FHE -

time_windows = [
1,
3,
7,

]

for window in time_windows:
window_start_date = reference_date - pd.Timedelta(days=window - 1)
# Filter data for the current window (within the already filtered hist_ref)
df _window = hist_ref [hist_ref["Date"] >= window_start_date].copy()

# Get list of users present in this window

users_in_window = df_window["UserID"] .unique()
if not df_window.empty:

# Total interactions (Like, Comment, Follow) in window

interaction_behaviors_window = df_windowl[
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df _window["UserBehaviour"].isin([2, 3, 4])
1.copyO
user_interactions_window = (
interaction_behaviors_window.groupby("UserID")
.size()
.reset_index(name=f"user_total_interactions_last_{window}d")
)
user_agg = pd.merge(

user_agg, user_interactions_window, on="UserID", how="left"

for behaviour_type, behaviour_name in zip(

[1, 2, 3, 4], ["view", "like", "comment", "follow"]

user_behaviour_count = (

df _window[df_window["UserBehaviour"] == behaviour_typel

.groupby ("UserID")

.size()

.reset_index(name=f"user_{behaviour_name} count_last_{window}d")
)
user_agg = pd.merge(

user_agg, user_behaviour_count, on="UserID", how="left"

user_active_days_window = (
df _window.groupby("UserID") ["Date"]
.nunique ()
.reset_index(name=f"user_active_days_last_{window}d")
)
user_agg = pd.merge(

user_agg, user_active_days_window, on="UserID", how="left"

user_last_active_date_window = (
df _window.groupby ("UserID") ["Date"]
.max ()
.reset_index(name=f"user_last_active_date_last_{window}d")
)
user_agg = pd.merge(
user_agg, user_last_active_date_window, on="UserID", how="left"
)
user_agg[f"user_days_since_last_active_last_{window}d"] = (
reference_date - user_agg[f"user_last_active_date_last_{window}d"]
) .dt.days

user_agg = user_agg.drop(f"user_last_active_date_last_{window}d", axis=1)
total_interactions_col = f'"user_total_interactions_last_{windowl}d"

active_days_col = f'"user_active_days_last_{windowl}d"

days_since_col = f"user_days_since_last_active_last_{window}d"
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user_agg[total_interactions_col] = user_agg[total_interactions_col].fillna(
0

)

for behaviour_name in ["view", "like", "comment", "follow"]:
col_name = f"user_{behaviour_name} count_last_{window}d"
user_agglcol_name] = user_agg[col_name].fillna(0)

user_agglactive_days_col] = user_agglactive_days_col].fillna(0)

user_agg[days_since_col] = user_aggl[days_since_col].fillna(window)

user_agg[f"user_avg_daily_interactions_last_{window}d"] = user_aggl
total_interactions_col

] / user_agglactive_days_col] .replace(
0, np.nan

) # Use np.nan to avoid ZeroDivisionError

user_agg[f"user_avg_daily_interactions_last_{window}d"] = user_aggl

f'"user_avg_daily_interactions_last_{window}d"

].fillna(
0
)
else:

user_agg[f"user_total_interactions_last_{window}d"] = 0

for behaviour_name in ["view", "like", "comment", "follow"]:
user_agg[f"user_{behaviour_name}_count_last_{window}d"] = 0

user_agg[f"user_active_days_last_{window}d"] = 0

user_agg[f"user_days_since_last_active_last_{window}d"] = window

user_agg[f"user_avg_daily_interactions_last_{window}d"] = 0

gc.collect()

for window in time_windows:
window_start_date = reference_date - pd.Timedelta(days=window - 1)
# Filter data for the current window (within the already filtered hist_ref)
df_window = hist_ref[hist_ref["Date"] >= window_start_date].copy()

ub_in_window = df_window[["UserID", "BloggerID"]].drop_duplicates()

if not df_window.empty:

ub_interactions_window = (
df_window.groupby (["UserID", "BloggerID"])
.size()
.reset_index(name=f"ub_total_interactions_last_{window}d")

)

user_blogger_hist_agg = pd.merge(
user_blogger_hist_agg,
ub_interactions_window,
on=["UserID", "BloggerID"],
how="left",
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for behaviour_type, behaviour_name in zip(

[1, 2, 3, 4], ["view", "like", "comment", "follow"]

ub_behaviour_count = (
df _window[df_window["UserBehaviour"] == behaviour_typel
.groupby (["UserID", "BloggerID"])
.size()
.reset_index(name=f"ub_{behaviour_name}_count_last_{window}d")
)
user_blogger_hist_agg = pd.merge(
user_blogger_hist_agg,
ub_behaviour_count,
on=["UserID", "BloggerID"],
how="left",

ub_last_interaction_date_window = (
df _window.groupby(["UserID", "BloggerID"]) ["Date"]
.max ()
.reset_index(name=f"ub_last_interaction_date_last_{window}d")
)
user_blogger_hist_agg = pd.merge(
user_blogger_hist_agg,
ub_last_interaction_date_window,
on=["UserID", "BloggerID"],
how="left",
)
user_blogger_hist_agg[f"ub_days_since_last_interaction_last_{window}d"] = (
reference_date
- user_blogger_hist_agg[f"ub_last_interaction_date_last_{windowl}d"]
) .dt.days
user_blogger_hist_agg = user_blogger_hist_agg.drop(

f"ub_last_interaction_date_last_{window}d", axis=1

total_interactions_col = f"ub_total_interactions_last_{window}d"

user_blogger_hist_agg[total_interactions_col] = user_blogger_hist_aggl
total_interactions_col

1.£i11na(0)

for behaviour_name in ["view", "like", "comment", "follow"]:
col_name = f"ub_{behaviour_name}_count_last_{window}d"
user_blogger_hist_agg[col_name] = user_blogger_hist_aggl

col_name

1.£i11na(0)

days_since_col = f"ub_days_since_last_interaction_last_{windowl}d"

user_blogger_hist_aggl[days_since_col] = user_blogger_hist_aggl[
days_since_col

].fillna(window)
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else:
user_blogger_hist_agg[f"ub_total_interactions_last_{window}d"] = 0
for behaviour_name in ["view", "like", "comment", "follow"]:
user_blogger_hist_agg[f"ub_{behaviour_namel}_count_last_{window}d"] = 0
user_blogger_hist_agg[f"ub_days_since_last_interaction_last_{window}d"] = (

window

gc.collect()

# MGBTEFENEHLENT (ELEITE days_since BHEH T)
date_cols_to_drop = [
"user_first_active_date",
"user_last_active_date",
"blogger_first_active_date",
"blogger_last_active_date",
"ub_first_interaction_date",
"ub_last_interaction_date",
]
user_agg = user_agg.drop(
columns=[col for col in date_cols_to_drop if col in user_agg.columns],
errors="ignore",
)
blogger_agg = blogger_agg.drop(
columns=[col for col in date_cols_to_drop if col in blogger_agg.columns],
errors="ignore",
)
user_blogger_hist_agg = user_blogger_hist_agg.drop(
columns=[
col for col in date_cols_to_drop if col in user_blogger_hist_agg.columns
P

errors="ignore",

gc.collect()

return user_agg, blogger_agg, user_blogger_hist_agg

Mi% C [Ef—. = LightGBM I}

# -—— 2. T4 1. TMAF 2024.7.21 BREESL -—-

print("\n--- Building Training and Validation Data for Online Prediction ---")
print(
"Processing data for online prediction training (Predicting 7.20 based on
7.11-7.19)..."
)
train_pred_date_online = pd.to_datetime("2024-07-20")
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train_hist_end_online = train_pred_date_online - timedelta(days=1) # 7.19
user_features_train_online_base, _, _ = create_historical_features(

df_hist, train_hist_end_online

)
# HEE 7.20 FHRWH P NEHEFE)
active_on_train_date_online = df_hist[df_hist["Date"] == train_pred_date_online] [

"UserID"
] .unique()
# FBIAED EHEFEATHNAF + 7.20 FHRWA P, ARTEECEAH TN A 7
all_users_for_train_label = np.unionld(

user_features_train_online_base["UserID"].unique(), active_on_train_date_online
)
user_features_train_online = pd.DataFrame({"UserID": all_users_for_train_labell})
user_features_train_online = pd.merge(

user_features_train_online,

user_features_train_online_base,

on="UserID",

how="left",
) # Left merge to keep all users in label set
user_features_train_online["is_online"] = (

user_features_train_online["UserID"].isin(active_on_train_date_online).astype(int)

# BE&: TN 7.19 BREAL, HEXET 7.11-7.18
print(
"Processing data for online prediction validation (Predicting 7.19 based on
7.11-7.18)..."
)
val_pred_date_online = pd.to_datetime("2024-07-19")
val_hist_end_online = val_pred_date_online - timedelta(days=1) # 7.18
user_features_val_online_base, _, _ = create_historical_features(

df _hist, val_hist_end_online

)
# REE 7.19 FHRWH P (BIEAFE)
active_on_val_date_online = df_hist[df_hist["Date"] == val_pred_date_online] [

"UserID"
] .unique()
# RETAET L HBEFHALOA P + 7.19 ERWA P, BRIFEECLHTATHNA P
all_users_for_val_label = np.unionid(
user_features_val_online_base["UserID"].unique(), active_on_val_date_online
)

user_features_val_online = pd.DataFrame({"UserID": all_users_for_val_label})

user_features_val_online = pd.merge(
user_features_val_online, user_features_val_online_base, on="UserID", how="left"
) # Left merge to keep all users in label set
user_features_val_online["is_online"] = (
user_features_val_online["UserID"].isin(active_on_val_date_online) .astype(int)
)
gc.collect()
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# - BER: EoTARRANFERTHEL -
# EAFMEENET NEEFRRIER)
print(
"Filling missing values for online training and validation data (distinguishing

feature types)..."

large_days_value = 11

# H I AR
print("Filling NaNs for online training data...")
# K E|PTH days_since_last_active 75 %4
user_days_since_cols_train = [
col for col in user_features_train_online.columns if "days_since_last_active" in col
]
# X days_since F|fF A AW EE 7
for col in user_days_since_cols_train:
user_features_train_online[col] = user_features_train_online[col].fillna(
large_days_value
)
¢ HHMBEFER 0 Ex
numeric_cols_train = user_features_train_online.select_dtypes(include=np.number) .columns
other_numeric_cols_train = numeric_cols_train.difference(
user_days_since_cols_train
) .difference(["is_online"])
user_features_train_online[other_numeric_cols_train] = user_features_train_online[
other_numeric_cols_train

1.£i11na(0)

# BRI B
print("Filling NaNs for online validation data...")
# K Z| T A days_since_last_active 75 i 7|4
user_days_since_cols_val = [
col for col in user_features_val_online.columns if "days_since_last_active" in col
]
# X days_since F|f A AW EE T
for col in user_days_since_cols_val:
user_features_val_online[col] = user_features_val_online[col].fillna(
large_days_value
)
# HHMBEFER 0 Ex
numeric_cols_val = user_features_val_online.select_dtypes(include=np.number) .columns
other_numeric_cols_val = numeric_cols_val.difference(
user_days_since_cols_val
) .difference(["is_online"])
user_features_val_online[other_numeric_cols_val] = user_features_val_onlinel[
other_numeric_cols_val
1.£i11na(0)
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X_train_online = user_features_train_online.drop(columns=["UserID", "is_online"])
y_train_online = user_features_train_online["is_online"]
X_val_online = user_features_val_online.drop(columns=["UserID", "is_online"])

y_val_online = user_features_val_online["is_online"]
X_val_online = X_val_online[X_train_online.columns]
print(

f"Online prediction training data shape: {X_train_online.shape}, labels shape:

{y_train_online.shape}"

)
print(
f"Online prediction validation data shape: {X_val_online.shape}, labels shape:
{y_val_online.shape}"
)

gc.collect()

PR D  S)RE Y B 3hE R FRSC IR

if not predicted_online_users_p4:
print("No target users predicted to be online on 7.23. Result table contains empty
values.")
else:

df_online_hist = df_hist[df_hist['UserID'].isin(predicted_online_users_p4)].copy()

if df_online_hist.empty:
print("Predicted online users have no historical data (7.11-7.20). Cannot
predict time slots and bloggers.")
el'sel

print("Analyzing historical behavior for predicted online users...")

# Step 3.1: HKEENAF Top3 M (T HMFE)
hourly_counts = df_online_hist.groupby(['UserID',
'Hour']) .size() .reset_index(name='count')
hourly_counts['prob'] =
hourly_counts.groupby('UserID') ['count'].transform(lambda x: x / x.sum())
top_hours_online_users = hourly_counts.groupby('UserID',
group_keys=False) .apply(lambda g: g.nlargest(3,
'prob')) .reset_index (drop=True)
top_hours_online_users = top_hours_online_users[['UserID', 'Hour']]
print (f"Identified Top 3 hours for {top_hours_online_users['UserID'].nunique()}

predicted online users.")

# Step 3.2: AitEN A FA-AH-TE WEFHK (RHEHTFE+KE)
interaction_behaviors_p4 = [2, 3, 4]
interaction_hist_online = df_online_hist[df_online_hist['UserBehaviour']

.isin(interaction_behaviors_p4)].copy()
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if not interaction_hist_online.empty:
ub_hourly_interactions_online = interaction_hist_online.groupby(['UserID',
'Hour', 'BloggerID']).size() .reset_index(name='interaction_count')
else:
print("No interaction data (like, comment, follow) for predicted online
users in history. Cannot predict bloggers.")
ub_hourly_interactions_online = pd.DataFrame(columns=['UserID', 'Hour',
'BloggerID', 'interaction_count'])
print(f"Calculated interaction counts for {len(ub_hourly_interactions_online)}

predicted online user-hour-blogger pairs.")

merged_interactions_online = pd.merge (
top_hours_online_users,
ub_hourly_interactions_online,
on=['UserID', 'Hour'],
how="'left'
)
top_bloggers_per_hour_online = merged_interactions_online.groupby(['UserID',
'Hour'], group_keys=False) .apply(
lambda g: g.nlargest(l, 'interaction_count', keep='first')

) .reset_index(drop=True)
print("Populating result table for predicted online users...")

user_hour_blogger_dict = {}
if not top_bloggers_per_hour_online.empty:
for user_id, hour, blogger_id, interaction_count in
top_bloggers_per_hour_online[['UserID', 'Hour', 'BloggerID',
'interaction_count']].itertuples(index=False):
if user_id not in user_hour_blogger_dict:
user_hour_blogger_dict[user_id] = []

user_hour_blogger_dict [user_id] .append((hour, blogger_id,

interaction_count))

for user_id in user_hour_blogger_dict:

user_hour_blogger_dict[user_id].sort(key=lambda x: x[0]) # Sort by hour

for user_id, results_list in user_hour_blogger_dict.items():
if user_id in result_table_p4.index:
for i in range(min(3, len(results_list))):

hour, blogger_id, interaction_count = results_list[i]

if pd.notna(blogger_id) and pd.notna(interaction_count) and
interaction_count > O:
# Use .loc with the user_id LABEL (index)
result_table_p4.loc[user_id, £ EID {i+1}'] =
str(blogger_id) # Ensure it's a string
result_table_p4.loc[user_id, £ {i+1}'] =
f£"{int (hour) :02}:00-{int (hour)+1:02}:00" # Format hour
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with leading zero
else:
print(f"Warning: User {user_id} has prediction results but is not in
the target user list {target_users_p4}. Skipping.") # Should not

happen if logic is correct
else:

print("No top bloggers found for any predicted online user based on

historical interactions.")
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