F T RAEIE ) REE RS &

Z5 4k HEEIE, 1. 3. 4. 58 coding. FEHEEE. FHLL

s

B BkHE, 2. 3. 6 coding, FREHEE

ARV SVEIE, 8. 9y 10 coding, H#ifk

—. Overview

FEARE AV EIET R MEIRE R — N KR R4, BT HESERHZER, &
4 n) AR R BN R4y, — N2 offline (UALBERLFE, — AN online MR, SHIRIE, 7E
offline (AL FREH, FRAT TR pyspark SR T 4T 3. BE, ABCAFRY table S KEH
REM AR DREFI AT AL PR B8 IE . B 1. R REHE R4 offline processing {15 E . FILLEH], AH
table W 7E 4 — - AL PR AR B BT TR AR BTG table, FATTEAE S AT T R AN U R A A A
FH IR o

affline
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TE table B3t b, FRATHS table 43 =2K, SRR T @M AR, S@mEdE R 7% H json £
P SREUH Y feature DU AN S H i H B HTHY) feature  (ELUNFG SRP2E. JEERRAE) © FoREAT
top k FMA T, AT PRIEREIE R G A E N 3R, A TE A ZoR I top k #HLT - top 10
PGSR 55 =2 TAHRIMERE M 2As . AR SR BT 7 AR v b / R BARRAIE . DUSEAR (L
B knn Bk FEAL B INPLE PAT . online ff#EFE i A5 LUK AT WAk A2 A i offline AbFRA: R A%
S A TAE. B 2 Rt offline processing 45705 KR R 4 Y FAG DL B Z MECR . Hp
WO RN E N EIE R, SHOFE A TR PR EE ., RaRE AT E R EE.

item_incom_e_top_lo shop_income_top_1
shop id 0
item id i
; shop id
item_name shop_name
category total_income
income cluster_id
rank rank
item_review_top_1 A
0
shop id
item id
item_name
good_rate
bad_rate
good_rank
bad_rank item shop shop_label_top_10
;h_om
shop id hsh_ow : ‘)I':Br:me
item id < , Snopname > shop_good_rate
item_name I ne to(al_mco_me LLLLLLLL o total_income
category cluster_id rate_rank
income final_labels income_rank
good_rate shop_good_rate -
A\ bad_rate shop_bad_rate
item_review

S
shop id
item id calculate
content
sentiment_score

A\

Y
: shop_review_top_10 cluster
. q shop id i
item knn featur item_pics shop_name cluster id
- - shop_good_rate info
(for image shop_bad_rate
(fofltf;n ; recommendation) good_rank
recommendation,
St ] ;hog id bad_rank
item id item id
item_name img_url
category mm_feature
income
good_rate
bad_rate
mm_feature
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RELIABI
FNEA
BRE&
PHEE
B —
AR ——
1939 8.38 161681.4:

© ° E
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o L TOkESE product R THE 1R M BB
L = MR Ca Y B i oS

1 self.price = product_dict.get('price', None)

= IPATRT AR EREERE . BATEEH IE N K ZORT postage

1 SPECIAL_POSTAGE = {'Lt|7%%x', 'Gm"', "HR&Ee', "RESH"}

2 POSTAGE_PATTERN = re.compile(r'(EMS|#i%E |iEZ%) : \sx(\d+\.\d+) ")
3

4 def parse_postage(self):

5

6 # BEELEMH

7 if self.postage in self.SPECIAL_POSTAGE:

8 self.postage = 0

9 else:

10 # ULECHBZR

11 match = re.search(self.POSTAGE_PATTERN, self.postage)
12 self.postage = float(match.group(2))

o TR MEEEE, B ENREILHL sales Xof B[ SCA
SALES_PATTERN = re.compile(r' B2 \sx(\d+)\s*{F")

def parse_sales(self):
# [LECEHE
match = re.search(self.SALES_PATTERN, self.sales)
self.sales = float(match.group(1))

SO Uk WN R

= AR R R B

1 TARIFF_PATTERN = re.compile(

2 rOEOB L I\sFRIT (\d+\. \d+ | \d+\. \d+\sk—\s*k\d+\.\d+)\s*x7T")
3 SPECIAL_TARIFF = {'#[O%i: LKBEITHE',

4 'HOM: BARENEER’,

5 "HOM: BRENmEEEH’,

6 "HOB: BREE",

7 HOM: MBEUERAE"}

B 1B AL 3 7 V2 HE A i T A S A

» R3] SPECIAL_TARIFF MR %% 2% ;

= NSRRI 2] TARIFF_PATTERN 24, DU R 2 A B 2R Ab 3,

o WURAEAE a-b TRA, WATBSIENE N EEBI 2 .

o WURBCH R B OB, AR E] 10% XAER R, FRATTHE B S I 4 LA Tl
Bio

TSR RIRE R WSS, BECIBL. MATMAs. BEZE, FATATEE S0 ok X LE AR . 5
e e A T o R B R B T



2 B omIH2E
2.1 B
XA T TR, A BT AR
2.2 59

2.2.1 FEAC AR

HZA BRI a5 BAE AR BPE st
Vi AR T 401, B htf-feature
FiNaive Bayesi)l| Zxf#i 7

FI) AR 0 SR G A R w A kA T 4 2R

2.2.2 JPRE SRR IA L

A E A AL

IR REB AR BHE A . T 20 28 URE A AR B ) 22 ST 0 A R R AT IR 28, IR AN T 25
fridRe. (R ETNEAZA LR, B, FREAIERREIG B2 BmER%SL . XL
XERRGRATEHEABN R B=, FWELAITERE, @A 8. REEFRIGIGR, &
IS P TR T _EE LU o

B, B A BHREHIAARE R R G R R, LUZBIRENINE . DURIREIRE i 4
BEATRAIRRIEIZR R AR MBI 22 ST A AT B R 20 2R 1R A

BARRE A

JI B B AMIRECE SR RS AR TR R AR R EERNE . ATTFEGithub, Kaggle, DI —L8JF
AT B I R BRI R, AT T AL RO AT E I 50T 5 Y LR B A

GRS 7035001 F i dh, F fhDataFieldn

1 {'class_small': '#LBR/EHR',

2 'class_strong': 'Z#',

3 'pro_class': '&§%°',

4 'pro_name': 'HUMG FENGmhE/LEMLRERELFEREELHILRELREL FHANEE
# #f 130cm',

5 'pro_type': 'BE/LEE/ELE/AIK'T,

6  {'class_small': 'fLBR/;ELMR',

7 'class_strong': 'E%E’,

8 'pro_class': '&§%°',

9 'pro_name': '@t/ EFEREEFTY) I KEFINREMELREAREEHEE BLE
120cm',

10 'pro_type': 'BIR/LE/EE/AK'},

AT B pro_typefEh—4 532K, class_strongfE R 2K 532K, class_smallf =K. —Ror BB
Bk 15, ZHARIANECHK 216, SR RAECHK 2172,

BAu st


http://opendata.pku.edu.cn/dataverse.xhtml

AR PALEE T Z AL R 7 AF Ep R B S WU A A s KRB S P FE AR, U X
SRR ST H HAS ON IERARZE o

TEXERSEHEATALBG . Bl 1 sklearnfNB 77 b XIS B HEATIR I I AE I GREE HMEE EHZR . o153
HEAT T S0 — 24 2 s 2 Mk

2.2.3 Pyspark .0y E 558

XARE VRS 431

1 invalid_pattern = re.compile('[a—zA-Z0-9' !"#$%&\"' ()*+,—./:;<=>7@, , 7*.
(1 O 2“1t IN\1~_"{|I~\sl+")
def cut_func(row):

3 name = re.sub('[a-zA-Z0-9' "#$%&\"' ()x+,—./:;<=>?@, o ?%. .. []
2t NI { ] ~\sI+', """, row.name)

words = jieba.lcut(name, cut_all=False, HMM=False)
5 return Row(cate_ID=row.cate_ID, words=words)

cate_words_rdd = cate_name_df.rdd.map(lambda x: cut_func(x))
2 cate_words_df = cate_words_rdd.toDF().cache()

4 ftf-idf-features

1 hashingTF = HashingTF(inputCol="words", outputCol="tf_features",
numFeatures=15000)

tf_result = hashingTF.transform(cate_words_df)

idf = IDF(inputCol="tf_features", outputCol="idf_features")
idf_model = idf.fit(tf_result)

tf_idf_result = idf_model.transform(tf_result)

u B~ W N

% Bayesigi &l
fEpysparkfibayes /59, labelsZii fydouble2& %Y, [ it Al DK intZi Y i labeld% fydoubleZ$ Y

1 nb = NaiveBayes(featuresCol='idf_features', labelCol='cate_ID',
smoothing=1.0, modelType='multinomial')
2 tf_idf_result =
tf_idf_result.select(tf_idf_result['cate_ID'].astype('double'),
'idf_features"')
3 tf_idf_result = tf_idf_result.dropna().cache()
4 model = nb.fit(tf_idf_result)

R T

ZJa, BATENFGEEEP R SGEE . I rBREE, 5B R a5 W 5 A FR o A 45 SR 1%L
Ak Fytf-idf-features



1 test_tf_feature = hashingTF.transform(test_df)
72  test_tfidf_features = idf_model.transform(test_tf_feature)

PEATHUN, T AL T4 R

1 pred_result = model.transform(test_tfidf_features)

2 pred_class_df = pred_result.select("words", "prediction")
join_df = pred_class_df.join(dataset_df, pred_class_df.prediction ==
dataset_df.cate _ID, "inner").show()

words prediction cate_ID  category name

(B&5¢, BB, 1530, Kk, ... 299.0 299 fEREiEgh. o F AR
[4%5¢, HHE, 183h, Kk, ... 299.0 299 iz Eh. o FHA R A
[1g5¢, £E, B3, K, ... 299.0 299 fEEZsh. o F AN IR
(B3¢, HE, 1530, K, ... 299.0 299 fEREiEgh. o F AR
(4%5¢, H &, 1830, kA, ... 299.0 299 flpEizgh. o FHA R A

3 iR R
3.1 HR
TR ARG U, SEvH4 KRB RTOP-NARA fh.
3.2 S

WEE T EAERRRNZ G, EIXAN KRB R TOP-N F it fE g Ped /R, FRAi %2R A
spark-dataframe API #4285 X Bt A 7 i B4 BB THE . IFHH rank <= k AR S EIAT .

DL 2 item table A B .

shop_id item_id item_name category income
173275708 0 K-8 55 4 7 55 Je v HRKE AP E IS .. PigS -1.0

173275708 11 KB, TP Ek i) 14 K 6 A HEF K 2K Lk 39032.0



» HEAIE spark sql window, FIH 'income’ (&) 1ERHEF a8 FHES

PUF#4 SQL iE4] 254 F PARTITION BY category ORDER BY income DESC

1 window = Window.partitionBy("category").orderBy(desc("income"))

o TER AR BWHETHY, IR —2] 05 rank, FSHUESCHE, J5 LU HUEIREL TOP-N
il H

1  top_k_df = item_df.withColumn("rank", dense_rank().over(window))

= FRH TOP-3 HyR i, S Hi %] 75 4h— dataframe fE 0 FA 1R 5 /R 452

1  top_3_df = top_k_df.where(top_k_df.rank <= k)

ANV ARG, T LUE 223 80 45 SR ANHE P 80 45 R A LB AR

shop_id item_id item_name category income rank
1954282799 44 Bally / I 800 55 i B4 k... FmBEa 1259100 1
2194800481 216 Loewe® & g, Puzzle £ %... KRB A 97995.0 2
2929168542 149 COACH /555t Y5 - ¥ JH Al b5 R .. WEEA 90909.0 3
196993935 70 B A A RAWARM... Ak 6000660.0 1
1771485843 92 Teenie Weenie/NRE20... Ak 4804200.0 2

196993935 151 W A o HRIWARM ... A 2207790.0 8]



(IS top k @ top! income
1999
ETRA A A A
BH/E . .

R

B
atelvss

top1 income
= 58 : 161,076

®

AT R top-1 SRR M ETT I, B iR SO R R IR, PRI R R
yfE, b B e LLgSE R TOP-1 TOP-2 it TOP-3.

4 JEHIHE
4.1 ik
A I . A T RS
4.2 52
4.2.1 A

» FEANE ARPE IS A B one-hot vector

n AN EE R T ALY one-hot vector sRIME, 153 )54 feature

= ffifl Kmeans (k=10) HiE AT EHER K

= BRI center TEA R AL E WAL T 1% cluster XA FERAHMREF, AV RT = KBS
YERAFA cluster H2RHIE B

4.2.2 HARSZPY
T FH B SRS TR M g, FRATIOE AT AG75 SR5% L T3 item table.

o HERANCE BB FRIIN—— B, Jr 588 A spark 5L Fone hot encode. FAT]
fiff F ) &Spark $2 {1t StringIndexer $[1,



1 # #37 string to index map

2 stringIndexer = StringIndexer(inputCol="category", outputCol="indexed",

3 handleInvalid="error",
stringOrderType="frequencyDesc")

4 indexer = stringIndexer.fit(item_df)

5 indexed_item_df = indexer.transform(item_df)

6 # #I index to string map

7 inverter = IndexToString(inputCol="indexed", outputCol='label’,

labels=indexer. labels)

BRI LE R T LR, category il indexed ——%f ..

shop_id item_id item_name category
173275708 0 AP 5 58 4% 1 55 Je o R ANE 5. BR
173275708 14 KV 2Lt R PG R AE B .. Lk

o FETFORFATE index ZwiF a5 4E ] Spark $2{itf) OneHotEstimator .

income

-1.0

-1.0

1 ohe = OneHotEncoderEstimator(inputCols=["indexed"], outputCols=

["ohe_category"],
2 dropLast=False)
3  ohe_model = ohe.fit(indexed_item_df)
4 ohe_item_df = ohe_model.transform(indexed_item_df)

indexed

0.0

1.0

= T ARG feature, ARG AT SRR A NS ME,  XAEELIN— G H AT R Aol
(1, 5, 0, 2) , SH—FIGIHIE, MBS, H= WM 00EM21E. BUyE R LIk
AN A 0~ 1 28], R TFRANR 7, HINHIE ARBIASE, DEARBIAL0ME, (HA
AT ORI AZRRIRI T . FATE AR AT A AR S5 P SR A EEE B DAY

HfE.
shop_id shop_feature
2973180684 [0.0,0.0,0.0,0.0,...
1755496647 [0.97305389221556..
2101639169 [0.99107142857142...

» FJH shop feature ffi i Spark MLib ] Kmeans Lt 5 2%,

kmeans = KMeans(k=10, seed=623, featuresCol="shop_feature",
predictionCol="'cluster_id")

kmeans_model = kmeans.fit(shop_features)

shop_cluster_df = kmeans_model.transform(shop_features)

~ W NP

shop_id shop_feature cluster_id



2682628788 [0.0,0.0,0.0,0.0,... 0

2818345036 [0.0,0.0,0.0,0.0,... 8
2895810697 [0.0,0.0,0.0,0.0,... 5
2973180684 [0.0,0.0,0.0,0.0,... 5
2984563895 [0.0,0.0,0.0,0.0,... 2
3081409573 [0.0,0.0,0.0,0.0,... 0
1934470798 [0.0,0.0,0.0,0.0,... 0
3386085948 [0.0,0.0,0.0,0.0,... 0
1755496647 [0.97305389221556... 1

o ETRFAVRAO R, A ETTERER.

1 def identify_cluster_center(center):

2 # oEE[—t, MFEEAHZFOSTENSEE

3 center = np.array(center) / np.sum(center)

4 # HIREYEA SLERI =95

5 idxs = np.argsort(center)

6 valid_category_idx = idxs[-3:][::-1]

7 # [CEC label FXFNzAY weight

8 valid_category = np.array(indexer.labels) [valid_category_idx]
9 valid_category_weight = np.array(center) [valid_category_idx]

10 valid_cate_name_weight = list(zip(valid_category,
valid_category_weight))
11 return valid_cate_name_weight
0.8 -
0.6 -
0.4 -
0.2 -
0.0 ‘ . T T T T
0 50 100 150 200

DA bR H—A center I ETT &, Hrh BAH) HRR, Mid90%, W WERISRELT



TRERMELRE A, FATLLEESE O 5 R 7 o X XA KRBT RMRE, 7T B —
REZMR LR, HoANRERB NI, Hp A Hm1K92.42% , W] DX AN 2870 A HLER
Do MTHITELY K& EFR@NE Yiky. EEIR. BACRARSE 7 R ELEE . Horlad 73l UL L

A ARSI T b o

cluster_id info

0 4744:0.127285205561...

1 H44:0.924244598583...

2 Bek 3 %:0.7374914105...
3 B i )3:0.6515122920...
4 15$53:0.759353671809...

5 BEdr H :0.3893009653...
6 T 47 J:0.7206643061....
7 HE 74 /55:0.5920609811...
8 7 K F:0.6854944437 ..

9 B AR 413H:0.5375684661....
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5 [t 77 G
5.1 B3k
B4 Gt KRB TOP- NI
5.2 SZH1

FTRBNG &I R TOP-NREHR . FATE oA MR RS, SE RN SR
A ESETHE . B AL rank A, DURE)E R T HAL R

AT AR R 5 =
» HEAIE window Jf#ff ] Spark SQL API 5t s & #E17HEF



1 window = Window.partitionBy("cluster_id").orderBy(desc("total_income"))
2 shop_top_k_df = shop_join_cluster_df.withColumn("rank",
dense_rank().over(window))

= FETORIEH top 3 OB R

shop_id shop_name total_income shop_feature cluster_id rank
305358018 JackJones & 75 HEEARFE 6.2685036E7 [0.82832948421862... 1 1
289268212 BLAENTE T RS 6.0226404E7 [0.55802640722724... 1 2
188124207 JEITE T7 RS 5.4652096E7 [0.56094364351245... 1 3
2815462940 AHCE J7 5N 2.5919564E7 [0.0,0.0,0.0,0.0,... 6 1
2963458513 MARTIDERM 4G 2.4726656E7 [0.0,0.0,0.0,0.0,... 6 2
3014868997 AmiE AR IS 2.2844176E7 [0.0,0.0,0.0,0.0,... 6 3
2794371653 swissey 7 iGN ILIE 2.3755544E7 [0.0,0.0,0.0,0.0,... 3 1
2415882532 GNC{a 2235 7 W AN E 1.7735794E7 [0.0,0.0,0.0,0.0,... 3 2
2316003304 BLACKMORES?#§ /MR iE 1.5239114E7 [0.0,0.0,0.0,0.0,... 3 3

IGERAT . MA KL R I , Horb 5335 E A AT = & JackJones. FLAENT. REIR, BORIFATH
H R AR A, TIEE 5 BRI 2 B2 swisse. GNC. BLACKMORES, XAt —it
3 A4

FE4# cluster top k 0 top1 3EKE D top2 SEKE I top3 BEKE (1) tops BERE | tops HEWE W tops REKE W top7 BEKE WD topd BEKE WD topd BEKE (1) top10 HEKE

A A A
HORE REPE KRR H H H

T BAREE ERRD
ERRE BRLSD B
EEBPB AT SR

P& EAR 2%

top1 BEKER
RAREEE 75 HARIE: 806,961,860 I

R RIPE EERPE

159075602 80695186

&

b o9
¢ 5

%
%
%

2 2 2
2 2 2,
o, 2 2
2 3 2
o r; .

o E= AL i A

RRRAVEGRLER TOP-K, Hrp (e, Pekdrk. mifrk) AR topl #§R &% . TOP-1
JEH DA A RIAE] 8 12+

2
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6.1 R
MRAEIERE S EE AR MAEE . FRME B A s TA R TR % -



6.2 2B

6.2.1 JEA B R

L AR TRRASI . FofTA3EA BB . 5 A2-SHIMES R (BRI — bR M bR . RRIZ 5175 &
B Top-5, JEHIZEH (“gibRsskmenask2) | 4% DUKMARTop-5) . R ISR EE 197 S
M. TIPSR, ARSI RN . PRSI RS R TR RS2, B
B HREE T A5 AT IR I RUR B

FA TR T 40 F BSR4

BRI R, MRS T SR R

"EZIEA": reviewcount

"A EAK" T2 A top-nif) 2 A %

MR B S I PR R MRAT PR GBS/ BB revenue/sales volume
"GMISERY: MRS/ BTG . 2TIHE A HE A B

“RESEANE” : TN ERIRR 8 hpositive

M RN T BRSO

6.2.2 EL{ASTHL

0 5 B o B b

TSI R I e R R AR B 15% . MR BIVE RIESIAR S, RS RDFE W], —5)
Féshop_id, —%hE F)EHtr&5)% (list)

shop_id collect_list(category)
2895810697 (PR T, B4 ]
2973180684 [Fr KM, Hedr Al i
2984563895 [Pk k]

2682628788 [fEGEiEAD, B IR, YorHiE]
w®Z TS

WA I e R top-10, IR RS PP "IR%E



comment_count_df =
sentiment_df.groupBy('shop_id').agg(F.count(sentiment_df.item_id))
comment_count_df =
comment_count_df.withColumnRenamed('count(item_id)"', 'count_comment')
window = Window.orderBy(desc("count_comment"))

top_comment_df = comment_count_df.withColumn("rank", rank().over(window))
top_comment_df = top_comment_df.withColumn('label',F.when(F.col('rank")
<=100, 'RZHIT" ) .otherwise('"))

LF P A

PREEHES S5 101 T 4R R S ST I8 8 020002 HAHZEAR K. EHEFIE%>1000 HPPO & o T P42 (ELHT
LOOHY S 4 T “ I PRI bt o

shop_goodcomment_df =
sentiment_df.groupBy('shop_id').agg(F.avg(sentiment_df.sentiment))

window = Window.orderBy(desc("avg(sentiment)"))

shop_goodcomment_df = shop_goodcomment_df.withColumn("rank",
rank().over(window))

shop_goodcomment_df =
shop_goodcomment_df.withColumn('gclabel',F.when(F.col('rank')<=100, '#FiFal
#').otherwise('"))

i G T /AN B
AR /T S T 108 SR I < T B30 LN T4 T70MY RN

item_count_df =
item_df_item_count.withColumn('old_young_label',F.when(F.col('count(item)"
)>100, ' @IEEIE") .otherwise('"'))

item_count_df =
item_count_df.withColumn('old_young_label',F.when((F.col('count(item)")
<=70)&(F.col('count(item)')>=30), '/
J§').otherwise(F.col('old_young_label')))

AR A T
B 7 R SRR T4 T2 AR i 2 51 R i A top-5.



window = Window.partitionBy("category").orderBy(desc("income"))
hot_item_df =

item_df.drop('item_name').withColumn('rank', rank().over(window))
hot_item_df = hot_item_df.where(hot_item_df.rank<=5)

hot_item_count_df =
hot_item_df.groupBy('shop_id').agg(F.count(hot_item_df.item_id))
hot_item_count_df =
hot_item_count_df.withColumnRenamed('count(item_id)"', 'hot_item_count")
hot_item_count_df =
hot_item_count_df.withColumn('hotitem_label',F.when(F.col('hot_item_count'
)>2, "IBIRAEFTE ") .otherwise('"))

SRR
BRSSO 454 S 30 o B 5 top-5

gold_seller_df = shop_cluster_df.select('shop_id"', 'rank")

gold_seller_df =
gold_seller_df.withColumn('goldseller_label',F.when(F.col('rank')<=5, '&h&
SF5"').otherwise('"))

(BT B /P 7 di e g i 5 T
SRR AR BTL/3NTNER . AL/ 3N PR . R/ 3R
IECS SRS CITpIELE

B Ab P I 2 K dominate_catef 5 HAL N — AR R FAF S, ARSI AR e K T A AR %
AL TR A £ o

Bk Z BT R IDE & 87—

shop_label_df = shop_price_level_df.select('shop_id', 'price_label')\

.join(hot_item_count_df,on=
['shop_id'],how="'full').join(gold_seller_df,on=['shop_id'],how="'full")\

.join(item_count_df,on=
['shop_id'],how="'full').join(item_dominate_cate,on=
['shop_id'],how="full')\

.join(top_comment_df,on=
['shop_id'],how="'full').join(shop_goodcomment_df,on=
['shop_id']l,how="'full")

shop_label_df =

shop_label_df.drop('rank', 'avg(sentiment)', "hot_item_count', 'count(item)"',
'count_comment"')

KA 2RI RN TR RIFHIANRERAE B, RESEMPREMT

shop_label_final_df.show()



shop_id final_labels
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8.1 #ixk
BT A TR R fr . R TR BOR G E — Ik BR AR SM R AL B L SR AR SRR

8.2 5B

8.2.1 FEA L

w R FH T SRS A5 T i ) — 5K 1R A TR

= XK resize 2] 50750, H—fk, BEfT svd i, Bk U, V MEPHEFCOIE R feature, I
T\ table

= ] knn LT HERS

8.2.2 ELARSIZHL
5B B TR BAESHAIS, H—D2BAERE, E2E AR

o FRATHE - resize B 50 * 50 I IH—fLALBE, FIH SVD4r#i58] U V&, I concat 2|—ikg, 153|&
Fr i feature,
» LR EIE image dataframe J7 i J5 Z2 3 FTHRAE

1 item_pic_feature_df = spark.createDataFrame(raw_data).join(item_pic_df,
['shop_id',

2
"item_id'],how="'right")



B 15 2R dataframe 25 PR PU/ column : shop_id. item_id. feature. img_urlf{F & .

B TORIRATFIA feature {5 B F ) Kmeans 2K

1 kmeans = KMeans(k=10, seed=623, featuresCol="feature",
predictionCol="'cluster_id")

2 kmeans_model = kmeans.fit(item_pic_feature_df.dropna())
item_pic_cluster_df = kmeans_model.transform(item_pic_feature_df.dropna())
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1 def compute_dist(vec, query_feature):

2 if vec is None:

3 return 100000

4 vec_arr = vec.values

5 result =

6 for idx in range(len(vec_arr)):

7 result += (query_feature[idx] - vec_arr[idx]) *x 2
8 return float(result)

9

10 def udf_score(query_feature):
11 return udf(lambda vec: compute_dist(vec, query_feature), FloatType())

o PHEENEDR AT B R B AR AL

1 neighbor_df = item_pic_cluster_df\
2 .withColumn("dist", udf_score(query_feature_vec)
(item_pic_cluster_df.feature).astype("float"))



= RN kA

1 top_k_neighbors_df = neighbor_df.orderBy(neighbor_df.dist)
2 top_k_neighbors = top_k_neighbors_df.head (k)
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FETRIHEAIEZE, BoRG CHUREP R —FE 5, BRI TOP-NF &, T8 v R R P .
9.2 SCF

9.2.1 L7l L5

TEXZHT, WATELITEE TEMNR MM E. R, EZipR

AR 1 S HERE ) — 2R 5 b

R E. IR, ZERY4A, @i min-max-scale Z J5 i A i feature

FH knn SR 3017 R A AR AL

9.2.2 KLk

o ESERATEIE—AHE, TR SR R join 2k, % FAshop_id . item_id. good_rate.
bad_rate. good_rank. bad_rank Zcolumn., ME TR, FA1FEREM T Hshop_id .
item_id. good_rate. bad_rateZcolumn,

good_rank  bad_rank  item_name category  income
216 463 RSP 55 2 T 45 5 SRR A 25 .. B -1.0
808 298 RSP 5 e R A R IR PRI R R 5575 B -1.0
551 384 KP4 B AP KA . H%e -1.0
1250 1 KPR 55 06 B I EL /N H% -1.0
1 1082 R 55 5% RRAHER Al B (e A H% -1.0

s ZE4 AR table £ R LAY feature vactor

1 # FJA good_rate #1 bad_rate &fifeature@m=

2  feature_df = new_item_df.withColumn("feature",

3 array_to_dense_vector(array('good_rate', 'bad_rate',
"income')))

4  # {£F minmax scale

5 mm_scaler = MinMaxScaler(inputCol="'feature', outputCol='mm_scale_feature')

6 mm_scaler_model = mm_scaler.fit(feature_df)

7 new_feature_df = mm_scaler_model.transform(feature_df)

= A KNN Sk T8, Hh BA TR TSR A DL LA 2R

= AR
= PRI
o R
= ETRRME

1 neighbor_df = new_feature_df.where(new_feature_df['category'] ==
category)\
2 .withColumn("dist", udf_score(query_feature)
(new_feature_df.mm_feature))



MXBER, BRI HAIW category Gk HAH R ZEAIMI R &, 285 HIWT feature fsimilarity, iz [I4H
IR SR . Hrpfeature FIFIEER. ZEPRER. BIRAUK. BT LAMITI R S R AT IF
TER, EER,

» R [E AR

1 neighbor_df.orderBy(neighbor_df.dist).select("item_name", '"good_rate",
"bad_rate",
2 "income", "dist").show(k)

Fdl s R R S oA B A28 PR 0.5 BIEFIE, 0.3636363744735718 HYZETY, 45 N0.

item_name good_rate  bad_rate income  dist

KOV 38 B (o 2R 2 K i g 5 . 0.5 0.36363637  -1.0 0.0

JOW / Fr ik 4l 46 whpolot B 5. 0.5 0.36363637  490.0 2.3697244E-10
2017FFKFT 2K TOMMY HIL... 0.5 0.36363637  2550.0  6.3966974E-9
5+ H RSB RE AT H 0.5 0.36363637  4266.0 1.7896998E-8
Baleno¥t J& % 1 3 4k iz B 2F-... 0.5 0.36363637  4928.0  2.3881E-8

KR B AR, HAoRF S BRRBAHERMLGR, BT RERNTERMALET ., SOEEmn
aiRo

10 15/ T
10.1 Bk

ST R L B firstNReviews (U PEISFIE PE, HZENIFE. FIE. ZiF. 5 ZETER S S TR 5 5 R
TOP-NJE#HFTOP-NFF i o

10.2 5C3R
TS TR DHREF AR T SnowNLP .
1 review_df = review_df.withColumn('"sentiment",
review_sentiment(review_df.content))
shop_id item_id content sentiment
173275708 0 FGEEA LA, AR, EEKR, H... 0.9734554797987359

173275708 0 RBGBIE, SARRSS, BHPEE, .. 0.9997615920112265



173275708 0 RAFRIRIEELR T H RRLL, A R 0.003099763076949147

173275708 1 H S BRI Y, 28— UCE RIS ... 0.006074743831211871
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« IFE: 08 ~ 1

« E: 05 ~ 0.8

» ZEiE: 0~ 05

shop_id item_id content sentiment sentiment_class
173275708 0 SEFIRTLL, AWAE, EAFCR, #fil.. 09734555 1 (FE)
173275708 0 WRALEIE, SRS, BFEE, .. 09997616 1

173275708 0 EARIRIAECER T A FRL, MA S 0.003099763 -1 (ZEF)
173275708 1 HSLWE - BRASESFAY . SR —UCERYI ... 0.006074744 -1

173275708 1 KPR IGAE— I BEAE S, W4, 0.99959403 1

173275708 2 28R JGBTE H—... 0.77780575 0 (HFiE)
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item_sentiment_df = review_df.groupBy(["shop_id",
"item_id"]).agg(collect_list('sentiment_class'))\

.withColumnRenamed("collect_list(sentiment_class)","sentiment_list")

o SRR

1 def cal_good_rate(sentiment_list):

2 num_good = 0@

3 for sentiment in sentiment_list:

4 if int(sentiment) == 1:

5 num_good += 1

6 return num_good / len(sentiment_1list)
.

8 def cal_bad_rate(sentiment_list):

9 num_bad = 0

10 for sentiment in sentiment_list:

11 if int(sentiment) == -1:

12 num_bad += 1

13 return num_bad / len(sentiment_list)

» A item_review_rate FAE

1 item_review_rate = item_sentiment_df.withColumn("good_rate",

2 cal_good_rate(item_sentiment_df.sentiment_list))\

3 .withColumn("bad_rate",

4

cal_bad_rate(item_sentiment_df.sentiment_list))\

5 .drop("sentiment_list")
shop_id item_id good_rate bad_rate
1016228978 190 0.6666667 0.0
1016228978 224 1.0 0.0
1023428922 16 0.75 0.0
1026616278 148 1.0 0.0

B MR PR Z PR TOP-K

TR B AT R IR 2 AT B A B TOP-K, N FF##% good_rate il bad_rate HE/7, A Sh#B#5 2] —A> rank $i§
br. BUH T Arank <= k AR ok [ BT .



1 # BEFHEES

2 good_rate_window = Window.orderBy(desc("good_rate"))

3 bad_rate_window = Window.orderBy(desc('"bad_rate"))

4 # 4R good_rank bad_rank

5 tmp = item_review_rate.cache().withColumn('"good_rank",
dense_rank().over(good_rate_window))\

6 .withColumn("bad_rank",

7

dense_rank().over(bad_rate_window))
8 # EXH top-5
9 tmp.where('"good_rank <= 5")

THEE SRR ZPPRTOP-K

MR R Z PER AR T A W AR . ZEPERRE, A B PER AT
F|rank, RIEL ER k & 5] TOP-KH JE4H

1  # #% shop_id CRFFEMNITEE

2 shop_sentiment_df =

3 item_sentiment_df.groupBy("shop_id").agg(collect_list(item_sentiment_df.s

entiment_1list))

4 # EBHABITCHTEFITER, Z1FREM

5 def shop_good_rate(collect_list):

6 total_count = 0

7 good_count = 0

8 for sentiment_list in collect_list:

9 total_count += len(sentiment_list)
10 for sentiment_class in sentiment_list:
11 if int(sentiment_class) ==
12 good_count += 1
13 return good_count / total_count
14

15 # @l dataframe
16 shop_review_rate_df = shop_sentiment_df.withColumn('"shop_good_rate",
shop_good_rate(shop_sentiment_df['collect_list(sentiment_list)"']))\

17 .withColumn("shop_bad_rate",
shop_bad_rate(shop_sentiment_df['collect_list(sentiment_list)']))\
18 .drop("collect_list(sentiment_list)")
shop_id shop_good_rate shop_bad_rate
3081409573 0.68604654 0.18604651
3386085948 0.48076922 0.34615386
2682628788 0.4431818 0.2784091
2973180684 0.55813956 0.22093023

T B i 4l TOP-K 7732 0 BR B 7 5 TOP-KI 77 vk —Hi—4, TEML AR o
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FEARRTH F, A TR AL B R AR MR Y offline 5 online BN F2, KA iRt £ —4-2% database
[ table 824, BT TEET RAEH BB ER KRB I RE . TEHEIERGT b, RAWEEE, MET
naive bayes, kmeans, knn, svd, tf-idf, sentiment analysis 28 2 #5H33:, FELB R HEAE T RN W] f#
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