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�ʛħÇǻĄ   

1 ǴȈɓƚĝ   

1.1 �8   

ǴȈɓƚĝʡĝħ��ţɕ�ǴȈ½ɓʠc·ƀ��ǴȈɓ�ǉ�ʞ�|ĒĻ+ȟĕ+°âɴʟ*ÀǴ
Éʠǳ�|ĒĻĚÀǴÉ� null ƽȮȋʜ

1.2 $�   

ĝħƀ��ǴȈɓʠĹł�# ø4c·ƀ���|ĒĻʛȟĕʛ°âɴ7ÀǴÉʜ
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�÷�� !.��uʠËïţ5��? ĆȟʛŜɴlŃV�%mʜ

Ĺł�#ȾĀ�
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Þ��ȾĀ product ƾ�ĝħ�·ƀ��½ĒĻ
ĝħó·ƀ���|ĒĻ

0ɘƀ��ȟĕʠ�#Ď?�ƽ�őŏ�0ɘ postage

0ɘƀ��ǴÉʠĺ?�ƽ�őŏʁƉ sales 8Ý�os

0ɘƀ��°âɴ

°âɴ�þ�eÇ�ƥ|wɱƵůǼ
\aƐ�� SPECIAL_TARIFF ƽɴĕ�ȹʢ
\aƐ�� TARIFF_PATTERN ŃVʠƽǮùƐ���ɴĕþ�ʠ
\aƍ� a-b ×ƾƘʠ�#¨Ȏű{�2B�ɴĕʜ
\a,�Ɛ��°âɴŃVʠ�Ɛ�� 10% �V�ŃVʠƽ�#Ǯù�|ĒĻ�ġ0�°kÕ
ɴʜ

ĝħ ��Ý� ȟĕʛ°âɴʛ�|ĒĻʛǴÉZBʠ�#>÷�Ȧ8c·ƀ����ė�7ć&ʜ2
Bţɕz����ƀ��½ǴȈɓ��ć&ʜ

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

SPECIAL_POSTAGE = {'上⻔门安装', '包邮', '快递包', '快递包邮'}
POSTAGE_PATTERN = re.compile(r'(EMS|快递|运费):\s*(\d+\.\d+)')

def parse_postage(self):
    ...
            # 看是否包邮
        if self.postage in self.SPECIAL_POSTAGE:
            self.postage = 0
        else:
            # 匹配邮费
            match = re.search(self.POSTAGE_PATTERN, self.postage)
            self.postage = float(match.group(2))
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SALES_PATTERN = re.compile(r'⽉月销量量\s*(\d+)\s*件')

def parse_sales(self):
        # 匹配销量量
        match = re.search(self.SALES_PATTERN, self.sales)
        self.sales = float(match.group(1))
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TARIFF_PATTERN = re.compile(
        r'进⼝口税[:：]\s预计(\d+\.\d+|\d+\.\d+\s*-\s*\d+\.\d+)\s*元')
SPECIAL_TARIFF = {'进⼝口税: 买家⾃自⾏行行承担',
                      '进⼝口税: 商品售价已包税',
                      '进⼝口税: 商品售价最⾼高全额包税',
                      '进⼝口税: 商家承担',
                      '进⼝口税: 如需征收买家承担'}
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2 ƀ�ȗƾ   

2.1 �8   

8��ƀ�°kȧƾʠƾ�Ö�&ĄȪʜ

2.2 $�   

2.2.1 a!E/   

ȶȬ¸ƾ�Əǚƀ�bÍďƯƺʛďƯǔþ�
�ƀ��Ǆ°k0Ȓʠɤƿ�tf-feature
?Naive BayesǦȑǓƘ
ĺ?ǓƘ8ÂîďƯƺƀ�°k0ƾ

2.2.2 1�=[^-S   

�rz�I6@   

\a�ȩƗÅá�ďƯƺʠƀ�0ƾ>�ĺ?ĳɎʆ�NŇ8��ƀ�°kȧƾʠÜ8ę
ƀ�ƾ�°
kĄȪʜ��IɎʆeÇ�G
j�ǵDʠn�ʠĳɎʆNŇťǡȆƥŻʢn�ʛƀ�ƾ�ɗ�ʠ�3
8ȧƾÑa°kʙǸ�Ŕ�0ƾʢnGʠĳɎʆNŇIÇ� ʠË?ʛÖ�ʛɰĂ���ƾ�¬Ğʠ�
;Ǖ�tƀĈ©��3Ý?ʜ

�ìʠ�#ŊÒë�¸ƾ�Əǚ�tƀãřƀ�ďƯƺʠ3öďƯƺ�Ǧȑƺʠ3ÂîďƯƺ�ǔƃƺ
°kƀ�ȗƾʠ�ĳɎʆ�NŇØĔ��Ɏʆ�0ƾ±Ìʜ

=[^Oq   

�ë��ÅáďƯƺıǷƀ�ɿȨwŎʠƀ�¬ĞɝÃ�+ŭ�ʜ�#�GithubʠKaggleʠ3Ŷ��:
�ďƯãř�tƀďƯ°k­ƋBʠ�#èƕ�ŅŲ�N:�ďƯȕǾãř�tƀƀ�ďƯʜ

öďƯƺĆȊ703500·ƀ�ʠƀ�DataField\�

�#è¨pro_type{��đ0ƾʠclass_strong{��đ0ƾʠclass_small{�Gđ0ƾʜ�đ0ƾ�

ď� 15ʠ�đ0ƾ�
ď� 216ʠGđ0ƾ�
ď� 2172ʜ

=[c;(   

{'class_small': '礼服/演出服',
  'class_strong': '童装',
  'pro_class': '⺟母婴',
  'pro_name': 'HUMG FENG品牌⼉儿童礼服裙⼥女女童公主裙花童⽣生⽇日⼩小礼服演出服婚纱主持⼈人蓬蓬
裙 藕⾊色 130cm',
  'pro_type': '男装/⼥女女装/童装/内⾐衣'},
 {'class_small': '礼服/演出服',
  'class_strong': '童装',
  'pro_class': '⺟母婴',
  'pro_name': '尚品琳⼉儿童舞蹈服装夏季幼⼉儿⼥女女童练功服短袖考级服连体服芭蕾舞裙 曜⽯石⿊黑 
120cm',
  'pro_type': '男装/⼥女女装/童装/内⾐衣'},
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http://opendata.pku.edu.cn/dataverse.xhtml


ďƯǔþ�j�Ćɬ�Ńɺɭ�Œ�ƾ�ɤƿ�ŞďƾƘʢ*ƼďƯƺ�ƍ�ƾ�ƏǚʗčʠƐ�4�
��șƏǚÜ�¦Ɲķ��ǡƏǚʜ

�8ďƯƺ°kþ�Bʠ�#?sklearn�NBeÇ8ďƯ°k­ƋÜ�Ǧȑƺ�Ŭɀ�ǡȆʜ�#0�
°k�8�đ0ƾ7�đ0ƾ�ǔƃ­Ƌʜ

2.2.3 Pyspark p�C3$�   

 !4M%�n   

6N�tf-idf-features   

fmBayesbV   

�pyspark�bayeseÇ�ʠlabelıǷ�doubleƾƘʠ�ì�#�intƾƘ�labelØ�doubleƾƘ

_&cR   

ZBʠ�#ƣ®ÂîďƯ��ƀ�bÍʠÜ°kďƯÈūʠOB�ÂîďƯƺ�ƀ��Ǆ0ȒÑa�Ø
Ĕ�tf-idf-features

invalid_pattern = re.compile('[a-zA-Z0-9’!"#$%&\'()*+,-./:;<=>?@，。?★、…
【】《》？“”‘’！[\\]^_`{|}~\s]+')
def cut_func(row):
    name = re.sub('[a-zA-Z0-9’!"#$%&\'()*+,-./:;<=>?@，。?★、…【】
《》？“”‘’！[\\]^_`{|}~\s]+', "", row.name)
    words = jieba.lcut(name, cut_all=False, HMM=False)
    return Row(cate_ID=row.cate_ID, words=words)
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cate_words_rdd = cate_name_df.rdd.map(lambda x: cut_func(x))
cate_words_df = cate_words_rdd.toDF().cache()

1
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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)
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nb = NaiveBayes(featuresCol='idf_features', labelCol='cate_ID', 
smoothing=1.0, modelType='multinomial')
tf_idf_result = 
tf_idf_result.select(tf_idf_result['cate_ID'].astype('double'), 
 'idf_features')
tf_idf_result = tf_idf_result.dropna().cache()
model = nb.fit(tf_idf_result)
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words prediction cate_ID category name

[ʓʏ, ƈǌ, ċT, ƱǬ, ... 299.0 299 ƑƪċTʛŕÅ ŕÅåȞ

[ʓʏ, ƈǌ, ċT, ƱǬ, ... 299.0 299 ƑƪċTʛŕÅ ŕÅåȞ

[ʓʏ, ƈǌ, ċT, ƱǬ, ... 299.0 299 ƑƪċTʛŕÅ ŕÅåȞ

[ʓʏ, ƈǌ, ċT, ƱǬ, ... 299.0 299 ƑƪċTʛŕÅ ŕÅåȞ

[ʓʏ, ƈǌ, ċT, ƱǬ, ... 299.0 299 ƑƪċTʛŕÅ ŕÅåȞ

shop_id item_id item_name category income

173275708 0 QãȤ£Ā ƀżɥƖ£ģĀÅźȌʍ... £Ā -1.0

173275708 11 QãȤ ȚƓ�ņ"ƬɆ³óĐɃ~ņ... PĀ 39032.0

°kǔƃʠÜ&õĔǔƃÑa

   

 

3 ƀ�ǴÉ0ƾƚĝ   

3.1 �8   

ƀ�ǴÉ0ƾƚĝʡưƯ2ʠƚĝę
ƾ�ǴÉTOP-N�ƀ�ʜ

3.2 $�   

�XJ�c
ƀ��ƾ�ZBʠ�ĝħ�
ƾ�ǴÉTOP-N�ƀ�Ü�Ū9ŝƨŒʠ�#>÷�ĺ? 
spark-dataframe API ưƯƾ��"�Q)�ils.�>gʠÜȢ4 rank <= k �ƀ�ć&ʜ

3�� item table �ǂsbÍʜ

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

1
2

pred_result = model.transform(test_tfidf_features)
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()
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shop_id item_id item_name category income rank

1954282799 44 Bally/ƳĺČĆ£ŴņǃʇČɥ... ü�£Ć 125910.0 1

2194800481 216 LoeweȝpȖ PuzzleĞƁ... ü�£Ć 97995.0 2

2929168542 149 COACH/ʘɾ£ƒóɊĆʄʖĆƀ... ü�£Ć 90909.0 3

196993935 70 &�ē ǗĀ/£Ǘ ĨƘWARM... ǗĀ 6000660.0 1

1771485843 92 Teenie Weenie+Ɉ20... ǗĀ 4804200.0 2

196993935 151 &�ē ǗĀ/PǗ ĨƘWARM ... ǗĀ 2207790.0 3

ĹłƔŹ spark sql windowʠĺ? 'income' ʞǴÉʟ{�ĐǧŀƏǱǧĐƁ

3�ØŮ; SQL ōĉ lĒu PARTITION BY category ORDER BY income DESC

�c�
ƾ�Fw°kĐǧʠƔŹóŠ��Ɓ � rankʠÜƭ4;o·ʠeĸ3B&õĔ�¨ TOP-N
Ď?

�¨ TOP-3 �ƀ�ʠƭ4�ƌÅ�
 dataframe {��#2BƨŒ�Ña

���#ƭ4�á0Ñaʠ&3��0ƾ�Ña7Đǧ�Ña��ƥ��ʜ

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

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

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



��¦�c
ƀ�ƾ� top-1 ǴÉƀ��êeÆʠ¦�2ȁð�Ľ�ǴÉ2_�ƀ�ʠ�r�Ľ�ǴÉ
Ȏűʠ�w�Æɔ&3èƕƨŒ TOP-1 TOP-2 )� TOP-3ʜ 
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4.1 �8   

8��ţɕ°kȧƾʠƾ�Ö�&ĄȪʜ

4.2 $�   

4.2.1 a!E/   

c
ƀ�ưƯƾ�(; one-hot vector
c
ţɕ8¦��ƀ�� one-hot vector øȎűʠ �ţɕ feature
Ď? Kmeans (k=10) ħÇ°kţɕȧƾ
c
ƾ�� center ��yÎǐ�ǯ¤Ĝ��ö cluster 8�yƾ��Ⱥ�ʠ�#�|G��ǯ¤ƾ�
{�c
 cluster �ƾ�bÍ

4.2.2 T,$�   

�Ď?ţɕȧƾħÇ�"�ʠ�#Ď?�ȸO��wÌ3� item tableʜ

Ĺł�#łƔŹ ƾ��ďŃȬǙ���ɤƿʠeĸBĴĎ? spark �ħÇ°kone hot encodeʜ�#
Ď?��Spark ēȥ� StringIndexer Þâʜ



shop_id item_id item_name category income indexed

173275708 0 QãȤ£Ā ƀżɥƖ£ģĀÅźȌʍ... £Ā -1.0 0.0

173275708 14 QãȤ Į³"ƬĨƘɼɸåƝ�Ŵņ... PĀ -1.0 1.0

shop_id shop_feature

2973180684 [0.0,0.0,0.0,0.0,...

1755496647 [0.97305389221556...

2101639169 [0.99107142857142...

shop_id shop_feature cluster_id

 ��Ña\���Œʠ category 7 indexed ��8Ýʜ

Þ���#� index ɂʂ�ŠºĩʠȸOĎ? Spark ēȥ� OneHotEstimator ʜ

ĝħ c
ƀţ� featureʠĺ?�
ƀţ��ƀ��ƾ���¨Ȏűʠ�V�\�5ţ� ��ƀ�� 
ʞ1ʠ5ʠ 0ʠ 2ʟʠn�Uƾ��1·ʠn�Uƾ�5·ʠnGʛæU0��0·72·ʜ¨Ȏű&3C
c
ƾ�� ďŃ� 0ʝ1 ZrʠMĺuƾ��Ǩ0ʠ�\Hţ Aƾ��5·ʠJţAƾ��10·ʠ�sĦ
�A#�>�Ś�Aƾ��ƀ�ʠ�#�¤��A#Ś�Aƾ�ƀ�ɐŚ�½ƀ���¤ʠ�3¨�
Ȏűʜ

ĺ? shop feature Ď? Spark MLib � Kmeans  ħÇ°kȧƾʜ

# 建⽴立 string to index map
stringIndexer = StringIndexer(inputCol="category", outputCol="indexed",     
                              handleInvalid="error", 
stringOrderType="frequencyDesc")
indexer = stringIndexer.fit(item_df)
indexed_item_df = indexer.transform(item_df)
# 建⽴立 index to string map
inverter = IndexToString(inputCol="indexed", outputCol='label', 
labels=indexer.labels)
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ohe = OneHotEncoderEstimator(inputCols=["indexed"], outputCols=
["ohe_category"], 
                             dropLast=False)
ohe_model = ohe.fit(indexed_item_df)
ohe_item_df = ohe_model.transform(indexed_item_df)

1

2
3
4

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)
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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

Þ���#ø�$àÉʠÜ?êeÆƨŒʜ

3��¦��
 center �êeÆʠ¦�£Ā�ɐ�2�ʠ»'90%ʠ&�ȧƾŔaƥ�ʜ

def identify_cluster_center(center):
    # 中⼼心向量量归⼀一化，利利于后⾯面判别该中⼼心每个类别的占⽐比
    center = np.array(center) / np.sum(center)
    # 排序取其中占⽐比前三的类别
    idxs = np.argsort(center)
    valid_category_idx = idxs[-3:][::-1]
    # 匹配 label 和对应的 weight
    valid_category = np.array(indexer.labels)[valid_category_idx]
    valid_category_weight = np.array(center)[valid_category_idx]
    valid_cate_name_weight = list(zip(valid_category, 
valid_category_weight))
    return valid_cate_name_weight
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cluster_id info

0 PĀ:0.127285205561...

1 £Ā:0.924244598583...

2 ū6Ʃ6:0.7374914105...

3 ǋũƑƪ:0.6515122920...

4 Ŧž:0.759353671809...

5 ūƩ?�:0.3893009653...

6 wáƩǖ:0.7206643061...

7 °âį�:0.5920609811...

8 ŌqŽȳ:0.6854944437...

9 �¬Ʃ�:0.5375684661...

����#ȧ4��0�_ʠ�#3cƾ�$�ɐ�2_ƀ��8�
ƾ°kƾ�ʊűʠ&3��n�
ƾj��ƀ��PĀʠn�
ƾj�ƀ��£Āʠ¦�£Āɐ�_ő92.42%ʠ&��
ƾ0 �ƥ;
ĭʜȿ��ū6Ʃ6ʛǋũƑƪʛŦžʛwáƩǖʛŌqŽȳl0ƾ��ƥ�ʠ¦�»'Ɗ;3��ƀ
���öƾ�ƀ�ʜ



3���#Äȧƾ�Ñaʠc
ƾ�����ɐŸ8Ţĵ�ƾ�ʠ&�ţɕȧƾ�Ŕa)���ʜ

5 ţɕǴÉ0ƾƚĝ   

5.1 �8   

ưƯ4ʠƚĝę
ƾ�½ǴÉTOP-N�ţɕʜ

5.2 $�   

Þ���#ƚĝę
ƾ�ǴÉ TOP-N�ţɕʠ�#Ĺłƚĝc
ţɕ�ǴÉ½7ʠÞ.ǮǴÉ8c
ƾ
��ţɕ°kĐǧʠ2BȢ4ĆȊ rank ��Ļʠ3ĸB�&õĔƨ4ʜ
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ĹłƔŹ window eĸĎ? Spark SQL API Ü
 ǴÉ °kĐǧ



shop_id shop_name total_income shop_feature cluster_id rank

305358018 JackJonesŉeɅɹţ 6.2685036E7 [0.82832948421862... 1 1

289268212 =ĬǑŉeɅɹţ 6.0226404E7 [0.55802640722724... 1 2

188124207 ɦȔŉeɅɹţ 5.4652096E7 [0.56094364351245... 1 3

2815462940 AHCŉeÁÅɅɹţ 2.5919564E7 [0.0,0.0,0.0,0.0,... 6 1

2963458513 MARTIDERMÁÅɅɹţ 2.4726656E7 [0.0,0.0,0.0,0.0,... 6 2

3014868997 dmÁÅɅɹţ 2.2844176E7 [0.0,0.0,0.0,0.0,... 6 3

2794371653 swisseŉeÁÅɅɹţ 2.3755544E7 [0.0,0.0,0.0,0.0,... 3 1

2415882532 GNCƑ xŉeÁÅɅɹţ 1.7735794E7 [0.0,0.0,0.0,0.0,... 3 2

2316003304 BLACKMORESÁÅɅɹţ 1.5239114E7 [0.0,0.0,0.0,0.0,... 3 3

Þ��ĝħ top 3 �ǴÉţɕ

¡Ña��ʠŞ
ȧƾÑa�ĳï��ʠ¦�£Āţɕ�|G� JackJonesʛ=ĬǑʛɦȔʠ�7�#�
<ïR¶�ĳï�íʠ[ǋũƑƪƾ�0�� swisseʛ GNCʛBLACKMORESʠ���
Ïɇ���
ĳï����ǀʜ

���#ţɕȧƾ� TOP-Kʠ¦�ʞPĀʛū6Ʃ6ʛwáƩǖʟţɕƾ�� top1 ǴÉ2_ʠTOP-1
ţɕ ŢĠɲǴÉő� 8 ʃ+ʜ

 

6 ţɕƏǚŨĝ   

6.1 �8   

ưƯţɕbÍʛţɕ��ƀ�bÍʛŵĪbÍl�ţɕ(;ǳš
¢ɄȒƏǚʜ

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

1
2



shop_id collect_list(category)

2895810697 [ɠũ?�, ūƩ?�]

2973180684 [ŌqŽȳ, ūƩ?�]

2984563895 [ū6Ʃ6]

2682628788 [ăƚɜǩ, ǋũƑƪ, ȏơǢœ]

6.2 $�   

6.2.1 a!E/   

�KţɕvƏǚ"ʠ�#�ǂsī´�ʠÑÖ2-5Ì�bÍʞƀ���đƏǚ7�đƏǚʠ�yƾ�ƀ�
ǴÉTop-5ʠţɕƾ�ʞ�đƏǚkmenasȧƾʟʠęɒǁţɕǴÉTop-5ʟʠzĺ?ďƯƺ��ƀ�Ē
Ļʠƀ�ŵĪďÉʠƀ�ŵĪ@RɋàʠŵĪ¢ɄȒlbÍʠ8bÍ°kƥ�ųó�0ƾʠ�jŨĝƏ
ǚʠĎ ħÇųóěky"ŔaƵ-ʜ

�#Ũĝ�\��ţɕƏǚʜ

Q)_&ʡ�đƏǚʠèƥ��ƀ�ƾ��đƏǚ

"�
PD"ʡreviewcount

"��eH"ʡţɕƾ�top-n�ó�ďÉƥ�

"Fo�Y"/"�h#<"/"�J�
"ʡ�ykéãȎĒĻʞ½ǴȈɓ/ǴÉʟ  revenue/sales volume

"9`W�"ʡ½ǴȈɓ/ǴÉkéÏłʠƾ�Đ�Đ�ďƯ

“�P�j”ʡŵĪ@Rɋàƥ�positive

")`�L"/"�*�L"ʡƀ�½ďƥ�/ƀ�½ďƥ¼

6.2.2 T,$�   

Lt�ZQ)�'?Ud   

\aƇţɕ�Ƈƾŗ�»'ţɕ½ď�15%ʠƽ�öƾ�{�ţɕƏǚʠ2Ę�ÑaDFĆȊ]Ɓʠ�Ɓ
ȴshop_idʠ�Ɓ�jƭţɕƏǚ�Ɓ�ʞlistʟ

�
PD   

è¨ę
ƾ���ŵĪďÉtop-10ʠɡ�"2�ŵĪ"Əǚ



�P�j   

ŵĪďĐ�n101:î�ţɕŵĪď�2000�Ǌ�Ʒ��ʜ  èƕŵĪď>1000ǊŵĒ@R0ɘãȎű|
100�ţɕKə“�ŵ\Ȅ”Əǚʜ

)`�L/�*�L   

ƀ�½ďƥ�/ƀ�½ďƥ¼ʢƀ�½ď>10���ǀdţʢƀ�½ď>30Ǌ+ulu70��
�+ţʜ

eH�JQ   

ćöţɕŗ4ǟņŗ�ďÉ�ulu2.ìþǟņŗ��ƾ�ǴȈÕ®top-5ʜ

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,'最多热评').otherwise(''))

1

2

3
4
5

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,'好评如
潮').otherwise(''))

1

2
3

4

item_count_df = 
item_df_item_count.withColumn('old_young_label',F.when(F.col('count(item)'
)>100,'品牌⽼老老店').otherwise(''))
item_count_df = 
item_count_df.withColumn('old_young_label',F.when((F.col('count(item)')
<=70)&(F.col('count(item)')>=30),'个性⼩小
店').otherwise(F.col('old_young_label')))

1

2



9`W�   

ć�ȧƾ[;�ę
ƾ���ƀ5top-5

Fo�Y/�J�
/�h#<   

½ǴȈɓ/½ǴÉʜ|1/3�_ǲ�ÿʠ�r1/3��ŗ2!ʠBw1/3�ĸȡ�Ơʜ

UdK5%=[;(   

ďƯþ�j���dominate_cate�Ɓ�ØĔ��
òĻrȽ�ŃɺɭʠƏǚŞÖ�2B����Əǚ
Ø��
3òĻrȽ�Ńɺɭʜ

Ĺł�Z|� �DFÖÜ���/ʜ

���
ƾ�ƏǚƁ�Ø�Ńɺɭʜ2B����ƏǚŞÖ��/ʜ2Ęęţɕ�Əǚ\� ʡ

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,'爆款⽣生产商').otherwise(''))

1
2

3
4

5

6

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,'⾦金金牌
卖家').otherwise(''))

1
2

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'],how='full')
    
  shop_label_df = 
shop_label_df.drop('rank','avg(sentiment)','hot_item_count','count(item)',
'count_comment')  

1
2

3

4

5
6

shop_label_final_df.show()1



shop_id final_labels

1934470798 _ǲ�ÿ úǀƙ5 
ƩƑƪ

2682628788 �ŗ2! ǟņ(ŗƀ 
�+ţ ...

2818345036 ĸȡ�Ơ ŌqŽȳ

2895810697 ĸȡ�Ơ ɠũ?� ūƩ?�

2973180684 ĸȡ�Ơ ŌqŽȳ ūƩ?�

2984563895 �ŗ2! ū6Ʃ6

3081409573 _ǲ�ÿ ăƚɜǩ

   

8 ƐÆëÛ   

8.1 �8   

c
ƀ��ǳšçɳǥÆ�ʠ8ƀ�Æ�°kȧƾʜ�øK��çďƯƺÅ�ƀ�Æ�ʠɯ^�¢ƀ
�ʜ

8.2 $�   

8.2.1 a!E/   

ĺ?Ȱɖ�c
ƀ���çÆ�Ȱ¨
8cçÆ� resize � 50*50ʠȗ�Ĕʠ°k svd 0Ąʠ¨�Ô UʠV àÉȣÞǄ�Æ�� featureʠÜ
ƍ®�Ý table
Ď? knn ħÇ°k�Ǐ�µ

8.2.2 T,$�   

nƅÌ�Ìļ÷øFĆȊ]
á0ʠn�
�Æ�ȧƾʠn�
�Æ��ǏÃĝħʜ

�#�Æ� resize � 50 * 50 Üȗ�Ĕþ�ʠĺ? SVD0Ą � U VàÉʠÜ concat ��/ʠ �Æ
�� featureʜ
Þ���#ƔŹ image dataframe eĸBĴ°kȐ{ʜ

item_pic_feature_df = spark.createDataFrame(raw_data).join(item_pic_df, 
['shop_id', 
                                                               
'item_id'],how='right')

1

2



ì"�# �� dataframe ĆȊ 3�æ
 column ʡshop_idʛitem_idʛfeatureʛimg_urlbÍʜ

Þ���#ĺ? feature bÍSÆ�� Kmeans ȧƾʜ

yVȧ4Ä
ƾʠȧƾ�Ña\�ʡ

�F�ǒ³Æ�]ġĬàÉŶ¦8Ý�¨űʠ�w�Æ��i' SVDŤ§ŮZB�Ñaʜ

ZB�#Ď? Spark MLib � KNN ħÇ°k�ǏÆ�ĝħ

3���ǏÃŵ0ʠ�ǏÃŵ0Ď?�� feature �ȇŏțğʜ

ĝħ ă®Æ� 7��Æ���ǏÃ

kmeans = KMeans(k=10, seed=623, featuresCol="feature", 
predictionCol='cluster_id')
kmeans_model = kmeans.fit(item_pic_feature_df.dropna())
item_pic_cluster_df = kmeans_model.transform(item_pic_feature_df.dropna())

1

2
3

def compute_dist(vec, query_feature):
    if vec is None:
        return 100000
    vec_arr = vec.values
    result = 0
    for idx in range(len(vec_arr)):
        result += (query_feature[idx] - vec_arr[idx]) ** 2
    return float(result)

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

1
2
3
4
5
6
7
8
9

10
11

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

1
2
3



¨ țğ2+� k 


3��ŔaƨŒʠn�ç�ÂÆʠBw�2�Ǐ�20çÆ�ʜ

¡Æ����ʠ��ó	ʛyV�ɚĵʛŋ³Ġåʠ�ǏÃ)��ƥ_�ʠ>�Ü,�Ȧ8ƀ�°k°
�ŁŢĔʠ��ħ�;����ƐÆëÛʜ

 

9 �Ǐ�µ   

9.1 �8   

top_k_neighbors_df = neighbor_df.orderBy(neighbor_df.dist)
top_k_neighbors = top_k_neighbors_df.head(k)

1
2



good_rank bad_rank item_name category income

216 463 QãȤ£Ā ƀżɥƖ£ģĀÅźȌʍ... £Ā -1.0

808 298 QãȤ£ĀģȚ�ņŋ³ƱǬȓƀżŘ... £Ā -1.0

551 384 QãȤ£Ā ģǒ³Őɨɻ~ȷɛɏ£... £Ā -1.0

1250 1 QãȤ£Ā�ņ£ƒƝ�Ƶǫêʀ+ƹ... £Ā -1.0

1 1082 QãȤ£Ā ģȚǺņǝɢ«³Ɲ�ɛ... £Ā -1.0

ǂu|w�ȗƾʠ�øK�ďƯƺ���·ƀ�ʠɯ^�Ǐ�TOP-Nƀ�ʠ÷�&ĄȪ��µ�Ķʜ

9.2 $�   

9.2.1 ayE/   

��Z|ʠ�#}iĝħ4�c
ƀ��ƾ�ʛǴÉʛ�ŵȆʛƷŵȆ
�Ǐ�µĹłǎ�µy�ƾƀ�
z�ǴÉʛ�ŵȆʛƷŵȆǈÖʠË' min-max-scale ZB;�ƀ� feature
ĺ? knn ħÇ°kƀ��Ǐ�µ

9.2.2 T,$�   

Ĺł�#ƔŹ�
���ʠ�ƀ�78Ý�ŵĪ join /�ʠö��shop_id ʛitem_idʛgood_rateʛ
bad_rateʛgood_rankʛbad_rank lcolumnʜ�ĸuƨŒʠ�#��Ȁȋ�¦�shop_id ʛ
item_idʛgood_rateʛbad_ratelcolumnʜ

ÑÖ�w� table ƔŹƀ�� feature vactor

zĺ? KNN ħÇ°k�ǏÃĝħʠ¦��#�ĝħƏť�3��
�øʜ
ƾ��y
ĒĻ�í
�ŵȆ�í
ƷŵȆ�í

# 利利⽤用 good_rate 和 bad_rate ⽣生成feature向量量
feature_df = new_item_df.withColumn("feature", 
                     array_to_dense_vector(array('good_rate', 'bad_rate', 
'income')))
# 使⽤用 minmax scale
mm_scaler = MinMaxScaler(inputCol='feature', outputCol='mm_scale_feature')
mm_scaler_model = mm_scaler.fit(feature_df)
new_feature_df = mm_scaler_model.transform(feature_df)

1
2
3

4
5
6
7

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

1

2
3



item_name good_rate bad_rate income dist

QãȤ£Ā ģǒ³Őɨɻ~ȷɛɏ£... 0.5 0.36363637 -1.0 0.0

JOW/ʅʋǝɢŴȷpoloɏ£Ɲ... 0.5 0.36363637 490.0 2.3697244E-10

2017ƈģ�ņTOMMY HIL... 0.5 0.36363637 2550.0 6.3966974E-9

£ƒ<ĞªɁȓ£ģƓȘǇȓ1 Ř¼... 0.5 0.36363637 4266.0 1.7896998E-8

BalenoĤǣ´£Ā ǝɢƝ�Ő... 0.5 0.36363637 4928.0 2.3881E-8

shop_id item_id content sentiment

173275708 0 ɥƖ)&3ʠ�Ǻ�ȼʠŭÖģ�ʠȌ... 0.9734554797987359

173275708 0 ûƘ»�ʠŷ¬Ȍʍʠơ1ȼ¤ʠSÊ... 0.9997615920112265

¡�F��ʠĹł�#�ɪƶ category ʔè4�yƾ��ƀ�ʠOBɪƶ feature �similarityʠɯ^�
ǏÃ2_�ƀ�ʜ¦�feature Ķ�ŵȆʛƷŵȆʛǴÉǈ;ʠ�3�í�ƀ�ıOƎ��í�ĒĻʛ�
ŵȆʛƷŵȆʜ

ɯ^Ña

�#K4�ƀ��£Āƾ�ʛŚ� 0.5 ��ŵ, 0.3636363744735718 �Ʒŵ, ǴÉ�0.

��ɯ^�Ñaʠ¦�QãȤ£Ā��#ȶȬ�Ñaʠȿ�4
���#ǰ���ǏÃ�ʠ2�Þí�
Ñaʜ

10 @R0ɘ   

10.1 �8   

0ɘƀ��firstNReviews��ŵĪ7Ǡŵʠȗƾ��ŵʛ�ŵʛƷŵʜƁ4ƷŵȆ2_7�ŵȆ2_�
TOP-Nţɕ7TOP-Nƀ�ʜ

10.2 $�   

@R0ɘá0ĭ��#ȯ?� SnowNLP �ɲʜ

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

1

2

review_df = review_df.withColumn("sentiment", 
review_sentiment(review_df.content))

1



173275708 0 �·Ġå�ÙĽ��D6Įʠɱ�Dʌ... 0.003099763076949147

173275708 1 ¦�ȓ1ĦÉ)Ǥ��ʠn�W¹�"... 0.006074743831211871

shop_id item_id content sentiment sentiment_class

173275708 0 ɥƖ)&3ʠ�Ǻ�ȼʠŭÖģ�ʠȌ... 0.9734555 1ʞ�ŵʟ

173275708 0 ûƘ»�ʠŷ¬Ȍʍʠơ1ȼ¤ʠSÊ... 0.9997616 1

173275708 0 �·Ġå�ÙĽ��D6Įʠɱ�Dʌ... 0.003099763 -1ʞƷŵʟ

173275708 1 ¦�ȓ1ĦÉ)Ǥ��ʠn�W¹�"... 0.006074744 -1

173275708 1 QãȤ�Ġå)��\ȂĿ��ʠßÄ... 0.99959403 1

173275708 2 28�BǠŵ ɧ�... 0.77780575 0ʞ�ŵʟ

¦�¾ľí1 �ŵĪ�ŵÃ¾_ʠ¾ľí 0 �ŵÃ¾Żʠ¡ĥ`Ʀ4��ÔŵĪ��ʠSNOWNLP ǂs
�Ū�ǡ�ŵĪ0ƾʜ

���#8��ŵĪ�@R0ɘɐ��êeÆƨŒʠ¦��ŵɐ�2_ʠƷŵɐ�W_ʠ�rŵĒɐ�
ƥ¼ʠ�ĖïƐ���ɺ�ʠËï�#�ɋàuK�ƻ¹�¿²v�ŵʠ�#��´ƻÛǍƸ����
��ŵƜ�ʜ

\aǮù0Îď�0�gʠŞ¬@R0ďȺ_ʠ��eĸþ�ʠ�#�@R0ɘÑa0���ƷGɩŵ
ĪʠêÞŨǐ boundary, �u 0.8 �f{��ŵ

�ŵʡ0.8 ʝ 1  
�ŵʡ0.5 ʝ 0.8
Ʒŵʡ0 ʝ 0.5

AC�Pk{�Pk�\Pk   

Ĺł8c·ƀ�8��ŵĪ°kȗƾ



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

ĝħ�ŵ7ƷŵȆ

(; item_review_rate �Ļ

w�Q)�Pk{\PkTOP-K   

ǂsī´ȸOyZ|�ǴÉTOP-Kʠ>÷Ǯ good_rate 7 bad_rate Đǧʠc
ƀ�� ��
 rank ŀ
Əʠ¨4��rank <= k �ƀ�ɯ^ć&ʜ

item_sentiment_df = review_df.groupBy(["shop_id", 
                                     
"item_id"]).agg(collect_list('sentiment_class'))\
                  
.withColumnRenamed("collect_list(sentiment_class)","sentiment_list")

1
2

3

def cal_good_rate(sentiment_list):
    num_good = 0
    for sentiment in sentiment_list:
        if int(sentiment) == 1:
            num_good += 1
    return num_good / len(sentiment_list)

def cal_bad_rate(sentiment_list):
    num_bad = 0
    for sentiment in sentiment_list:
        if int(sentiment) == -1:
            num_bad += 1
    return num_bad / len(sentiment_list)

1
2
3
4
5
6
7
8
9

10
11
12
13

item_review_rate =  item_sentiment_df.withColumn("good_rate",  
                        cal_good_rate(item_sentiment_df.sentiment_list))\ 
                       .withColumn("bad_rate",                
                                   
cal_bad_rate(item_sentiment_df.sentiment_list))\
                                  .drop("sentiment_list")

1
2
3
4

5



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

ACLt�Pk{\PkTOP-K   

ţɕ�ŵȆ7ƷŵȆǎǎ����ƀ���ŵȆʛƷŵȆøȎűʠ2B���ţɕ��ŵƷŵȆĐǧʠ
 �rankʠưƯK�� k ɯ^ TOP-K�ţɕʜ

[¨4ţɕ TOP-K�eÇƽĖ¨4ƀ� TOP-K�eÇ�Ǔ�Vʠ�ì�Sʕǥʜ

# 降序排列列
good_rate_window = Window.orderBy(desc("good_rate"))
bad_rate_window = Window.orderBy(desc("bad_rate"))
# ⽣生成 good_rank bad_rank 
tmp = item_review_rate.cache().withColumn("good_rank", 
dense_rank().over(good_rate_window))\
                            .withColumn("bad_rank", 
                                       
 dense_rank().over(bad_rate_window))
# 取出 top-5
tmp.where("good_rank <= 5")

1
2
3
4
5

6
7

8
9

# 按 shop_id 汇总所有的评论
shop_sentiment_df =
item_sentiment_df.groupBy("shop_id").agg(collect_list(item_sentiment_df.s
entiment_list))
# 遍历所有的评论计算好评率，差评率类似
def shop_good_rate(collect_list):
    total_count = 0
    good_count = 0
    for sentiment_list in collect_list:
        total_count += len(sentiment_list)
        for sentiment_class in sentiment_list:
            if int(sentiment_class) == 1:
                good_count += 1
    return good_count / total_count
  
# 创建 dataframe
shop_review_rate_df = shop_sentiment_df.withColumn("shop_good_rate", 
shop_good_rate(shop_sentiment_df['collect_list(sentiment_list)']))\
                        .withColumn("shop_bad_rate", 
shop_bad_rate(shop_sentiment_df['collect_list(sentiment_list)']))\
                        .drop("collect_list(sentiment_list)")

1
2
3

4
5
6
7
8
9

10
11
12
13
14
15
16

17

18



 

Gʛ�ďƯ�ûƧŹ   
 ���á0�ʠĶu+ǈ;ôȎǵɣ|ǲiƋʠ�#ȯ?� pyecharts {��
ƥ�ųó��ñȜ
Ʋ��Ąşeȃʜpyecharts {� echarts � python Þâʞĳŉeʟʠ�?ŕēȥ�M�ųó�O� 
APIʠC?ŕ&3�ŴŴ�k�Ũĝ4ƨŒŔa��ʠbÍÉȜƲ�&õĔÆ�ʜ

 �n�Ì�Ȣ4Ña�ʠ�#ŗ4� 216 ƾ�y�ƀ�ʠǊc
ƀ�ƾ�Ȏǔĝħ4 top 3 ǴÉ�
ƀ�ʠ�\ìʐ��bÍÉƨL��çÆ����·ųó�H@ʜ�#2Ęȯ?�ǞʇêeÆ�Ąşe
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