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1. 机器学习原理
Machine Learning Fundamentals
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1. The essence is to find functions

• Mapping/calculation mechanism from Input to Output.

ML Models

Customer Churn Prediction

Customer Value Prediction

Image recognition

Face recognition

Machine translation

Autopilot

Historical customer data

Customer consumption data

Animal images

Face images

Chinese

Radar data

Customer churn/non-churn

Customer Value

Image labeling: Cat/Dog

identity

English

Vehicle position

Input X Output Y
f ()
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𝑌 = 𝑓 X

预测目标
Prediction target 

内在规律
映射关系

观察到的现象
输入数据

Observed phenomenon
Input data

Internal law
Mapping relation
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Suppose you're in the late 16th century and you want to 
know how long it takes for a cannonball falling from each 
floor of the Leaning Tower of Pisa to hit the ground. You 
can measure it in each case and make a resulting chart.

Falling Height

Falling 
time

2. Predict the landing time of the iron ball
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𝑌 = 𝑓 X

预测目标
下落时间

输入数据
下落高度

Prediction target
Falling time

Input data
Falling height
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𝑌 = 𝑎𝑋 + 𝑏

𝑌 = 0.1𝑋 + 2

Function

Fitting
function

Learning
parameters

𝑎 = 0.1, b = 2

Step 1: Find a suitable functional form.
Step 2: Estimate (learn) the magnitude of the   

parameters based on the data.

Prediction
target

𝒀 − 𝑇ℎ𝑒 𝑓𝑎𝑙𝑙𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 𝑜𝑓
𝑡ℎ𝑒 𝑏𝑎𝑙𝑙

Input
Variable 𝑿 − 𝑇ℎ𝑒 𝐹𝑎𝑙𝑙𝑖𝑛𝑔 ℎ𝑒𝑖𝑔ℎ𝑡 𝑜𝑓

𝑡ℎ𝑒 𝑏𝑎𝑙𝑙
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𝑌 = 𝑎 𝑋 + 𝑏

Function Form

Fitting

Learning
Parameters

𝑎 = 0.45, b = 0

Y = 0.45 𝑋

choose the "right" form of the function；

understand the theory/rationale behind functional forms.
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𝑡 =
2

𝑔
𝐻

𝑔 = 9.8𝑚/𝑠2

𝐻 =
1

2
𝑔𝑡2

𝑌 = 0.45 𝑋
In 1638, Galileo laid the 
foundations of classical 
mechanics -- how forces 
affect the motion of 
objects -- in a paper he 
published. He gave the 
first mathematical 
formula for the motion 
of a body in free fall.
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𝐺 = 6.67 × 10−11𝑁𝑚2/𝑘𝑔2

In 1687 (the 26th year of Kangxi in Qing Dynasty), the 

British physicist Isaac. Newton published his magnum 

opus, Principia Mathematica, which heralded the coming 

of the scientific age.

In the third volume of Principia Mathematica, Newton 

wrote: "Finally, if it is generally shown by experiment and 

astronomical observation that all the celestial bodies 

around the Earth are attracted by the gravity of the Earth, 

and that their gravity is in proportion to the amount of 

matter they contain, then the moon is likewise attracted by 

the gravity of the Earth in proportion to the amount of 

matter they contain." On the other hand, it shows that our 

oceans are drawn to the moon's gravity; And all the 

planets are attracted to each other by gravity, and comets 

are also attracted to the sun's gravity. Because of this rule, 

we must generally admit that all bodies, whatever they 

may be, are endowed with the principle of mutual 

gravitation. For the argument for the universal gravitation 

of all bodies derived from this representation..."

https://www.sohu.com/a/324878830_100028727

Newton's law of 
gravitation
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3. Anticipate/alert customer churn

• Customer churn prediction

• The development of a new customer requires a certain cost, once the 
customer loss, will cause losses to the business, so the prediction of 
customer loss dose matters.

• The role of predicting customer churn：
• Predict which customers are likely to churn and use touch strategies to retain 

customers before they churn；

• Analyze the reasons for customer churn and look for leading indicators to 
increase retention and improve the product.

• For the lost customers, change the product operation strategy to pull back 
customers and promote reflux.

https://www.jianshu.com/p/143782bc15e4
https://zhuanlan.zhihu.com/p/40197660
https://zhuanlan.zhihu.com/p/68397317



Copyright © 2023 All rights reserved. 版权所有请勿私自传播

As a bank/carrier account manager, you aim to 
identify potential customer attrition within the 
next few months to proactively retain them. You 
can access extensive customer data from the 
company's information system for this purpose.

https://zhuanlan.zhihu.com/p/60142926?from_voters_page=true
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𝑌 = 𝑓

预测目标
是否流失

𝑋

Variables/attributes/featuresPredict whether 
the target  is lost
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Simple business experience summary and expression

• Simple business experience summary: What are the characteristics of lost 
customers?

• For example: male, middle-aged, 0-60 calls per month, 0-300 minutes per month.

• Simple business experience expression/application:

• Conditional Filtering: Identify potential churn customers by selecting males aged 30-
50 with monthly call frequencies between 0-60 times and call durations of 0-300 
minutes for proactive customer care.

• Scoring Alert: Assign scores based on criteria such as gender [20 points for males, 0 
points for females], age [20 points for 30-50 years, 10 points for 20-30 years, 10 points 
for 50-60 years, 0 points for other], monthly call frequency [20 points for 0-60 times, 
10 points for 60-150 times, 0 points for other], monthly call duration [20 points for 0-
300 minutes, 10 points for 300-500 minutes, 0 points for other]... A higher cumulative 
score indicates higher risk, and if it exceeds 100 points, the customer is flagged as a 
potential churn candidate for alert.
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Issue: Parameters and thresholds are arbitrarily determined;   
controlling the score is challenging.

𝑌 =
1

𝑖𝑓 𝑔𝑒𝑛𝑑𝑒𝑟 = 1 𝑎𝑛𝑑 𝑎𝑔𝑒 ≥ 30
𝑎𝑛𝑑 𝑎𝑔𝑒 ≤ 50 𝑎𝑛𝑑 𝑐𝑎𝑙𝑙𝑠 ≤ 60

𝑎𝑛𝑑 𝑐𝑎𝑙𝑙𝐿𝑒𝑛𝑔𝑡ℎ ≤ 300;
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

Conditional filtering method
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Shortcomings of the conditional filtering method

• Each of these conditions is a hard boundary 
condition (why 30-50? Is 29-51 OK?). In fact, few 
conditions have an absolute relationship with the 
forecast target.

• Multiple criteria cannot be used together (e.g., age 
51, but all other criteria meet the requirements 
extremely well, is it possible to lose?)

• The results are not sorted and the operation is 
difficult.

Male30-50 
years old

Call 50-60 times

Last 200-300 minutes

Age 0 30 50 100 Age 0 30 50 100
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Computers decide the boundaries?

• Condition filter → Decision tree
• Automatically assess the importance of a 

condition.

• Automatically calculating boundary 
conditions.

• Split the same variable multiple times.

• The output has a probability score.
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Customer score= 100 + 5*Male - 5*Call_num- 2*Call_time + 10* Dropped_num
If Customer score >80 ， the customer churn is warned.

Issue: Parameters and thresholds are arbitrarily determined;
controlling the score is challenging.

𝑍 =෍
𝑗
𝛽𝑗X𝑗

𝑍 𝛽1 X1 𝛽2 X2 𝛽3 X4 𝛽4 X4

𝑌 = ቊ
1 𝑖𝑓 Z > 80
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝛽0

Scoring alert method
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Shortcomings of scoring alert method

• Weights are entirely arbitrary.

• The weighting of scores lacks scientific justification (why 
add 20 points for males instead of 19?).

• Scores have no upper limit.

• The non-scientific nature of weights leads to a lack of 
comparability between scores (for example, a male aged 48, 
65 calls, and 320 minutes totaling 60 points; compared to a 
female aged 45, 1 call, and 15 minutes also totaling 60 points, 
which is more likely to churn?).

• Because the weights are artificially set, the granularity of 
scores is often insufficient (for instance, a male aged 48, 65 
calls, and 320 minutes totaling 60 points; and a male aged 45, 
89 calls, and 480 minutes also totaling 60 points, it's clear 
that the former is more likely to churn).
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Computers decide the weights?

• Scoring alert →Logistic Regression

• Computer decides weights.

• Scores are between 0 and 1.

• Scores are probabilities, comparable.
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4. Training and application of ML

Churned user 1

Non-churned 
user 0

ML Model

Differences between churned 
and non-churned users

ML ModelUnknown user ?

Churned user 1

Non-churned 
user 0

Model training

Model 
application

Differences between churned 
and non-churned users
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How to select samples?

• Target Samples (Positive Samples): The specific objects to be selected 
for a particular task or purpose.

• Control Samples (Negative Samples): All other ordinary objects apart 
from the target objects.

• Usually, there should be a relative balance between target and control 
samples.

• The goal of machine learning is to identify the differences (patterns) 
between the target and control samples.
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Describe samples: feature extraction/feature engineering

• Static Table (1 record per person):

• User Information Table (profile): User profile information from the previous month, 
with markers indicating which users have churned.

• Dynamic Tables (number of records per person not fixed) :

• Call Record Table (cdr_call): Provides call data for the last six months.

• Data Record Table (cdr_mms): Provides data usage details for the last six months.

• SMS Record Table (cdr_sms): Provides SMS details for the last six months.

• Call Drop Table (cdr_kill): Provides information on call drops in the last six months.

• Based on the dynamic tables, extract attribute data with 1 record per person:

• the number of calls in the past 6 months, the number of unique communication 
partners, the count of abnormal call drops, the number of SMS messages in the past 3 
months...
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Phone 
number

Sign 
time

Gender Age ……

Call 
duration in 
the last 3 
months

Call times 
in the last 3 

months

SMS 
message 

num in the 
last 1 month

……
Churn or 

not

13…6678 2016-7 Male 28 67 208 34 No

13…2345 2015-3 Male 45 122 466 8 No

13…9854 2020-6 Female 23 89 29 23 Yes

Attribute table

Male74%
Female26%

Churned user 1

No-churn user 0
Male72%
Female28%

Average28

Average36

Average37mins

Average460mins

Call duration in the last 3 monthsAgeGender

Atrri feature feature

Average13

Average15

SMS message num in
the last 1 month

Atrri
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Deeply Understand "Machine Learning Models"

Model

Choose suitable model

For example：DT(Decision 
Tree)、LR(Logistic 
Regression)、
SVM(Support Vector 
Machine)、NN(Neural 
Network)、……

Feature

Which features？

Feature number

Feature types

For example：Parameters 
in LR,DT

Parameter

Training the parameters 
with samples.

For example: coefficients 
in logistic regression, 
decision order and 
thresholds in decision 
tree, etc

Manual setting Machine computing
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• Model selection: Logistic regression 𝑦 =
1

1+𝑒− 𝛽0+𝛽1𝑥1+𝛽2𝑥2+𝛽3𝑥3+𝛽4𝑥4+⋯

• Feature selection:
• 𝑥1：Age

• 𝑥2：Call duration in the last 3 months

• 𝑥3：Number of SMS messages in the last 1 month

• 𝑥4：Call drop count in the last 3 months

• ……

• Parameter training:
• 𝛽0 = 0.356， 𝛽1 = 2.403， 𝛽2 = 3.567，……

• Final Model： 𝑦 =
1

1+𝑒− 0.356+2.403∗age+3.567∗𝑐𝑎𝑙𝑙+⋯
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𝑌 =
1

1 + 𝑒−𝑍
=

1

1 + 𝑒
− 8.51+ 0.73∗男性− 0.25∗通话人数− 0.08∗通话时长+ 6.42∗掉话次数

ID Gender Callers Call duration Call drop count Z Y Prediction Label

185…7203 Male 8 15 2 -8.13 1.000 Churn

186…3204 Female 28 360 4 12.4 0.167 Not churn

Question: Is this function the "true" function?
The form of this function may not necessarily be the optimal form.
The metrics used may not cover all possible metrics. 
Accuracy may not reach 100%. 
Humanly understandable, this function is also quite effective.

Call durationCallersMale Call drop count
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Complete process of machine learning

Churned user1

No-churn user0

Feature 
table

Difference between 
churn and no-churn

ML modelUnknown user？

Churn 1

No- churn 0

1 Sample preparation

Model application

2 Feature calculation 
and delection

3 Model selection

5 unknown user 
feature calculation 6 Model 

application 7 Predict result

ML model 
selection

Feature vector

Model training

4 Parameter training

Parameter 
training
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2. 数据预处理及特征工程
Feature table and data preprocessing
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1.Target of data preprocessing: feature table/wide table

• The core object of data preprocessing: the dynamic table or detailed 
table. 

• The processing goal: another table, a feature table, or a wide table.

• Isn't the dynamic table already a table? 

• Why process it into another table/feature table/wide table?

• (1) Dynamic tables cannot be directly used for modeling.

• (2) It's a necessary method for integrating data from multiple sources.
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（1）From one table (dynamic table/detailed table) to another 
table (feature table/wide table)

date time Pos ID Amount

18-11-23 09:55:13 3 74 3.5

18-11-23 09:56:14 8 76 2.5

18-11-23 09:58:00 11 35 10.0

18-11-23 09:58:11 7 74 5.0

18-11-23 09:59:21 2 32 7.5

18-11-23 09:59:55 3 77 6.0

ID
Breakfast 

times

Average 
breakfa
st time 

early 
leaves 
num

Average 
breakfast 
amount

Score

32 18 8:55 8 5.4 75

35 95 7:05 0 5.6 91

74 65 7:40 0 2.7 80

76 34 8:20 2 3.2 69

77 78 6:59 3 4.5 86

79 99 6:55 0 3.5 87

What's changed? Changes in rows, changes in columns
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The real basics of data mining

• Another table

• This is often called a 
feature table or a 
wide table.

ID
Breakfa
st times

Average 
breakfa
st time 

early 
leaves 
num

Average 
breakfa

st 
amount

Score

32 18 8:55 8 5.4 75

35 95 7:05 0 5.6 91

74 65 7:40 0 2.7 80

76 34 8:20 2 3.2 69

77 78 6:59 3 4.5 86

79 99 6:55 0 3.5 87

Unit of Analysis
UoA

Feature/Attributes

Input TargetID
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（2）多来源数据的融合
Fusing data from multiple sources

ID
早餐次数
breakfast 

times

平均早
餐时间

Ave 
breakfast 

time

早退次
数early 
leaves 
times

平均早
餐金额

Ave 
break 

amount

超市购
物金额

shop 
amount

图书馆
借阅数
books 

borrow

洗澡时
间熵

Entropy 
of bath 

time

性别
Gender

Score

32 18 8:55 8 5.4 453 6 1.5 男M 75

35 95 7:05 0 5.6 24 34 2.0 女F 91

74 65 7:40 0 2.7 88 7 1.1 男M 80

76 34 8:20 2 3.2 789 23 3.5 女F 69

77 78 6:59 3 4.5 43 77 0.8 男M 86

79 99 6:55 0 3.5 86 0 3.1 男F 87

就餐数据
500→1

购物
50→1

借阅
n→1

洗澡
10→1

基本

信息1

成绩
1
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直接的数据关联会导致局部笛卡尔积
Direct data association leads to a local Cartesian product

ID 性别
Gender

成绩
Score

32 男M 75

ID 性别
Gender

金额
Amount

32 男M 75

32 女F 91

32 男M 80

32 女F 69

32 男M 86

32 男F 87

ID 性别
Gender

成绩
Score

32 男M 75

35 女F 91

74 男M 80

76 女F 69

77 男M 86

79 男M 87
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2. 构建特征表：业务主导、谋事在前

Building the feature table: Business-driven, planning in front.

• Step 1: Define the prediction target

• Step 2: Clearly analyze the object UoA

• Step 3: Think about what features are needed 

(business driven)

• Step 4: thinking process

(to get simple example by hand)

• Step 5: Get started
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3. 案例：学生就餐行为特征表
3. Case: Feature table for student dining behavior.
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1.详细的就餐数据：1人1天1餐多次刷卡多条数据，共计：9.3万条
Detailed dining data: Multiple entries per day per person, totaling 
93,000 entries.

1餐多次刷卡合并为1条
Combining multiple card swipes for 
one meal into a single entry.

2. 压缩就餐数据：1人1天1餐1条数据，共计：4.9万条
Compressing dining data: One entry per person per day per 
meal, totaling 49,000 entries

3. 压缩就餐数据：1人1餐1条数据，共计：107*3条
Compressing dining data: One entry per person per meal, totaling 107 x 
3 entries.1人1种餐合并为1

条
Combining one 
person's one type 
of meal into a 
single entry.

1人3种餐合并为1条

4. 合并就餐数据：1人1条数据，共计：107条
Combining dining data: One entry per person, totaling 107 entries.

Combining one person’s 
three types of meals into a single entry
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合并就餐数据：1人1条数据，共计：107条
Combining dining data: One entry per person, totaling 107 
entries.

个人基础信息：1人1条数据，共计：107条Personal basic 
information: One entry per person, totaling 107 entries.

最终特征表：1人1条数据，共计：107条Final feature table: One entry per person, totaling 107 entries.
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3. 机器学习模型的种类及应用场景
Types of machine learning models and their 
application scenarios
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1. 传统机器学习模型
Traditional machine learning models

• 有监督学习Supervised learning
• 分类Classification（预测标签predict label）

• 逻辑回归Logistic Regression

• 决策树 Decision Tree、随机森林 Random Forest
• 支持向量机SVM

• 回归Regression（预测数值predict value）
• 线性回归Linear Regression

• 支持向量回归SVC、分类回归树Classification regression tree

• 无监督学习Unsupervised learning
• Relationships between objects

• clustering
• Outlier detection

• Relationships between variables
• Association rules
• Dimensionality reduction
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2. Decision Tree

根节点Root 
Node

中间节点
Intermediate nodes

叶节点
Leaf Node



Copyright © 2023 All rights reserved. 版权所有请勿私自传播

• The results of its analysis are presented in a way that looks like an inverted tree.

• It reflects the continuous grouping process of sample data.

• Decision trees are divided into Binary trees, classification trees, and regression 
trees.

• It reflects the logical relationship between the values of input variables and output 
variables.

• Logical comparison formally expresses a kind of inference rule.

• Each leaf node corresponds to an inference rule.

• Classification prediction for new data objects.
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• 常用分类器
Common classifiers

• Wide application
• Fraud detection

• Disease diagnosis

• Marketing

• Accident analysis
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Overview of the decision tree algorithm

• The process of building a decision tree is the process of forming each 
branch of the decision tree in turn.

• Each branch of the decision tree completes the region division of the 
n-dimensional feature space under certain rules.

• Once the tree is built, the n-dimensional feature space is divided into 
small rectangular regions with boundaries parallel to or perpendicular 
to the axes.
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Decision tree generation logic

• Generation/Growth

• When determining the 
criteria for dividing the 
feature space at each step, 
take into account both 
regions that will be 
formed. The goal is to 
ensure that the sample 
points contained in the 
two resulting regions are 
as "pure" as possible 
simultaneously.
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Decision tree steps

Grow Prune

Use of the training sample set 
to complete the 

establishment of a decision 
tree process

Using the test sample set to 
streamline formed by decision 

tree

A model that performs better during training is likely to 
perform worse during application
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Model Scaling: Ensemble Learning

• Two heads are better than one

• The presence of bias and variance often leads to a lack of robustness in 
predictions made by a model built on a training dataset.

• Strategies in data mining:

• Bagging technique

• Boosting technique

• Both involve modeling and voting stages.
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Bagging

• Modeling process(Input: training sample set T, training number k; 
Output: Multiple decision tree models C1,C2,...)

• For i=1,2,…,k do

• Samples are randomly drawn from T with replacement to form a sample set T I 
with the same sample size 

• The model Ci is constructed using Ti as the training set 

• End for
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Boosting技术

• 建立k个模型Build k models.； k个模型投票The k models vote
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随机森林（Random Forest）



Copyright © 2023 All rights reserved. 版权所有请勿私自传播

随机森林的决策结果
Decision results from random forests
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GBDT和XGBoost

• 随机森林是目前商业领域运用最为广泛的一种算法。Random forest is one of 
the most widely used algorithms in business. 

• 特别是模型算法竞赛领域。Especially in the area of model algorithm competitions.

• GBDT (Gradient Boosting Decision Tree),  XGBoost (eXtreme GBoost)
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3. Regression Analysis

• Regression analysis:

• A weighted sum of some variables is used to predict the target variable

• The scientific method of integration

• Example: the possibility of churn

• Integral method: opened a service, the product x points; Call volume, product x points

• Regression method: Likelihood of churn =f(coefficient 1* whether X service has been 
opened + coefficient 2* call volume)

• General linear regression analysis: The target variable is continuous

• Logistic Regression (LR) : target variable 0-1
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客户价值预测（数量预测）
Customer value Prediction (quantity prediction)

特征表
Feature Table

各种特征与
客户价值的
关系

机器学习
模型ML 
Model

新客户New 
customer

模型应用
Model 
Application

机器学习
模型选择Model 

selection

特征向量
Feature Vector

参数训练
Parameter 

train

老客户数据Old 
customer data

每个客户有不同的客户价
值Each customer has a 

different customer value

模型训练
Model 
training

客户价值
Customer value

The relationship between 
various characteristics and 
customer value
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一般线性回归General linear regression

𝑌

客户购买量
Customer purchase 

quantity

基准
Baseline

性别

Gender

月收入
Monthly 

income

历史购买量
Historical 

purchase 

volume

其他
else

= 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋3 + 𝜀
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最小二乘法Least squares method

• 显式解 及 梯度下降法Explicit solutions and gradient descent 
methods
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回归分析结果举例：P值与R方

Examples of regression results: P-values and R-squares

变量名feature
估计值Estimated 

value
P-value 变量名feature

估计值
Estimated value

P-value

常数项constant -0.162 <0.001
当期保养总花费

Curren maintenance cost
0.258 <0.001

车型Car type-A 0.001 0.067
当期保养总次数

Current number of maintenance
0.129 <0.001

车型Car type-B 0.260 <0.001
当期新增里程数

Current New mileage
0.198 <0.001

车型Car type-C 0.113 0.159
累积购车数量

Accumulate the number of 
vehicles purchased

0.055 <0.001

车型Car type-D 0.176 0.035
车价

Car price
0.143 <0.001

车型Car type-其它else -0.094 0.273

调整R方(Adjusted R-squared)：36.37%
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Logistic回归逻辑回归 逻辑斯迪/蒂克回归
P概率probability

1

0.5

Z值
0 1 2 3-1-2-3

)](exp[1

1
)1(

0 x
yp

 +−+
==

xz 10  +=
Β为正值，x越大，结
果y=1发生的可能性
（p）越大。

For positive values of 

Β, the larger x is, the 

more likely (p) the 

outcome y=1 will occur.
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Calculation of the predicted value

• Calculation formula:

• The score is a score between 0 and 1

• Score =1/(1+exp(- final score))

• A score >0.5 is judged to be 1, and the probability score is the original 
score

• If the score is <0.5, the decision is 0, and the probability score is 1 -
original score

)](exp[1

1
)1(

0 x
yp

 +−+
==



Copyright © 2023 All rights reserved. 版权所有请勿私自传播

4. Cluster analysis

• Cluster analysis is a method of describing data to build a model, and 
the purpose is to explore whether there is a "natural subclass" in the 
data.

• Cluster analysis: The records are clustered such that records of the 
same category are as similar as possible to each other and records of 
different categories are as different as possible.



Copyright © 2023 All rights reserved. 版权所有请勿私自传播

客户分组研究（没有标签）
Customer group study (without labels)

特征表
Feature Table

不同分组的
客户的不同
特征

机器学习
模型ML 
Model

新客户New 
customer

模型应用
Model 
Application

机器学习
模型选择Model 

selection

特征向量
Feature Vector

参数训练
Parameter 

train

客户数据
customer data

模型训练
Model 
training

客户分组
Customer group

Different characteristics of 
different groups of customers

无监督模型
Unsupervised 

model
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案例：上海市严重交通事故分析

Case: Analysis of serious traffic accidents in Shanghai

109

案例：上海市严重交通事故分析
Case: Analysis of serious traffic accidents in Shanghai
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• There are three main areas prone to traffic accidents in Shanghai:

• The central urban area with many people and vehicles, large travel volume and 
complex road conditions;

• Connecting rail traffic, moped popular suburbs;

• Along highways and near freight terminals.

111
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Case: An analysis of various classes in Chinese society

• An Analysis of the Various classes of Chinese Society, Volume I, 3-11

• The landlord class and the comprador class -- the enemy

• The middle class -- wavering

• The petty bourgeoisie -- the closest friend

• The semi-proletariat - the closest friend

• The proletariat -- the leading force of the revolution

• Hobo proles – others

• How to analyze the Rural classes, Volume I 127-129
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Types of clustering algorithms

• From the perspective of clustering results: 
• Covering and non-covering clustering: Each data point belongs to at least one class, which is a covering 

clustering, otherwise it is a non-covering clustering 

• Hierarchical and non-hierarchical clustering: there exist two classes, where one class is a subset of the 
other and is a hierarchical cluster, otherwise it is a non-hierarchical cluster 

• Certain clustering and fuzzy clustering: The intersection of any two clusters is empty, and a data point 
belongs to at most one cluster, which is certain clustering (or hard clustering). Otherwise, if at least one 
data point belongs to more than one class, it is fuzzy clustering
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•从聚类变量类型角度划分Partition from the Angle of clustering 
variable type

• 数值型聚类算法（Numerical clustering algorithm）

• 分类型聚类算法（Categorical clustering algorithm）

• 混合型聚类算法（Mixed clustering algorithm）

•从聚类的原理角度划分Partition from the principle of clustering

• 划分聚类（Partitional clustering）

• 层次聚类（Hierarchical clustering）

• 基于密度的聚类（Density-based clustering）

• 网格聚类（Rid clustering）
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Clustering algorithm: K-means clustering

• The k-means algorithm, is one of the most widely used clustering 
algorithms.

• K-means takes the mean of all data samples in each cluster subset as the 
representative point of the cluster. 

• The main idea of the algorithm is to divide the data set into different 
categories through the iterative process, so that the criterion function for 
evaluating the clustering performance is optimal, so that each cluster 
generated is compact within and independent between clusters.

• K-means algorithm is not suitable for discrete attributes, but it has good 
clustering effect for continuous attributes
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K-均值聚类示例Example of k-means 
clustering
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聚类算法：层次聚类Hierarchical clustering

• 逐步合并距离最小的元素/组Gradually merge the elements/groups with the 
smallest distance.

• 生成嵌套的类结构，树图Generate nested class structures, treemaps.
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Clustering algorithm: DBScan clustering algorithm

• Density-Based Spatial Clustering of 
Applications with Noise

• Density-based clustering method 
considering noise

• The set of samples connected by the 
maximum density derived from the 
density reachability relation is a 
category, or a cluster, of the final 
clustering.
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5. Association rules

• "Walmart owns the world's largest data 
warehousing system. To accurately understand 
customer buying habits in its stores, Walmart 
conducts shopping basket analysis on its 
customers to find out which products are 
frequently purchased together. Walmart's data 
warehouse contains detailed raw transaction 
data from its various stores. Using data mining 
methods on this raw transaction data, Walmart 
conducts analysis and mining. One unexpected 
discovery was that 'the most commonly 
purchased item along with diapers is beer!'"

125

Case study: Beer & Diaper
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• Why “Beer & Diaper”?

126
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• 不可全信的Not entirely trustworthy都市
传奇（Urban Legend）
• 沃尔玛/一家超市/7-11 Walmart

• Sometimes the data can throw up surprises: mining of 
databases held by 7-Eleven stores in the US revealed a 
link between purchases of beer and nappies. When they 
were moved together, sales of both increased, says 
Williams.

• 夸大的效果Exaggerated effect
• The discount chain moved the beer and snacks such as 

peanuts and pretzels next to the disposable diapers and 
increased sales on peanuts and pretzels by more that 27%.

127
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• 互联网内容推荐Internet content recommendation

• 为什么刷抖音/快手停不下来Why can't stop?

• 今日头条/新闻推荐Today's headlines/News recommendations

• 互联网商品推荐Internet product recommendation

• 关联规则/协同过滤Association rules/Collaborative filtering
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Core concepts of simple association rules

• Purpose: To discover patterns of 
relationships between items and 
identify their associations. 

• Association relationships include: 
simple association relationships, 
sequential association relationships. 

• The primary technique for association 
analysis is Association Rules. 

• It was initially used to study the 
patterns of products purchased by 
supermarket customers and is known 
as market basket analysis. 

• An unsupervised learning method.
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面包bread→牛奶Milk（S=85%, C=90%）

前项
Antecedent

后项
consequent 支持度support 置信度Confidence
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Antecedents and consequent

• General representation of simple association rules:

• X→Y (rule support, rule confidence)

• X is the antecedent of a rule, which can be an item or an itemset or a logical 
expression containing logical and (∩) or (∪) not ().

• Y is the successor of a rule, usually an item, indicating some conclusion or fact.

• Examples:
• Bread → milk

• Gender (Female) ∩ Income (>5000) → Brand (A)
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A measure of effectiveness

• Rule Confidence: A measure of accuracy 
that describes the probability that a 
transaction containing item X also 
contains item Y, reflecting the likelihood 
of Y given the occurrence of X.

• A high confidence score means that Y is 
more likely to occur if X occurs.

• Bread → milk (S=85%,C=90%), which 
means there is a 90% chance that if you 
buy bread, you will also buy milk.

|)(|

|)(|

XT

YXT
C YX


=→

Conditional 
probability

All T

Milk X Bread Y
Milk&

Bread XꓵY
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• Rule Support: This measures how 
common the rule is.Support is the 
probability that items X and Y 
occur together.

• Bread → milk (S=85%, C=90%) 
indicates that there is an 85% 
probability that a customer will 
buy both bread and milk.

||

|)(|

T

YXT
S YX


=→

All T

Milk X Bread Y
Milk&

Bread XꓵY
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Model Extension 2: Multi-level association rule mining

• For many applications, it is difficult to find some strong association rules at the most 

detailed level of data due to the scattered distribution of data. When we introduce the 

concept hierarchy, it is possible to mine at a higher level [HF95, SA95]. While the 

resulting rules at a higher level may be more common information, what is common 

information for one user may not be common information for another. So data mining 

should provide such a function of mining at multiple levels.

• Classification of multi-level association rules: According to the levels involved in the 

rules, multi-level association rules can be divided into same-level association rules and 

inter-level association rules.

• The framework of "support-confidence" can be used to mine multi-level association rules. 

However, there are a few things to consider when it comes to support Settings.
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Model Extension 3: Multi-dimensional association rule mining

• For multidimensional database, there is a class of multidimensional 
association rules in addition to intra-dimensional association rules. For 
example:

• Age (" 20... 30 ") Occupation (" student ") → Purchase (" laptop ")

• There are three dimensions: age, occupation, and purchase.

• According to whether the same dimension is allowed to reappear, it can be 
further subdivided into inter-dimension association rules (dimensions are 
not allowed to reappear) and mixed-dimension association rules 
(dimensions are allowed to appear in the left and right of the rule).

• Age (" 20... 30 ") Buy (" Laptop ") → Buy (" Printer ")

143
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4. 机器学习模型的评估及弱点
Evaluation of Machine Learning Models
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1. 混淆矩阵（Confusion Matrix）

混淆矩阵
Confusion Matrix

预测情况Predict
求和Sum

1 Positive 0 Negative

真实情况
True

1 TP FN TP+FN

0 FP TN FP+TN

求和Sum P N 总样本数All
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分类器的本质The essence of Classifiers

• 按照分数排队，决定阈值，阈值以上为Positive

• Queue by score and decide the threshold, above which is Positive

0 1
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举例：假设逻辑回归模型输出0.9及以上认为购买

混淆矩阵
Confusion Matrix

预测情况模型得分>=0.9?
求和

分数>=0.9 Positive 分数<0.9 Negative

真实情况
是否购买

购买 80 (TP) 20 (FN) 100 (TP+FN)

不购买 400 (FP) 500 (TN) 900 (FP+TN)

求和 480 (P) 520 (N) 1000 (总样本数)
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Example: suppose a logistic regression model output of 0.9 and 
above is considered a purchase

Confusion Matrix
Predict Score>=0.9?

Sum
Score>=0.9

Positive
Score<0.9
Negative

True
Whether to buy

Yes 80 (TP) 20 (FN) 100 (TP+FN)

No 400 (FP) 500 (TN) 900 (FP+TN)

Sum 480 (P) 520 (N) 1000 (All samples)
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准确率、查准率（Precision）

• 总体正确率(Accuracy)=(TP+TN)/总样本数All=580/1000=0.58

• 预测为1的准确率(Precision)=TP/P=80/480=0.17 (An accuracy of 1 is predicted)

混淆矩阵
Confusion Matrix

预测情况Predict 模型得分
Score>=0.9?

求和Sum
分数Score>=0.9

Positive
分数Score<0.9

Negative

真实情况True
是否购买

Whether to buy

购买Yes 80 (TP) 20 (FN) 100 (TP+FN)

不购买No 400 (FP) 500 (TN) 900 (FP+TN)

求和Sum 480 (P) 520 (N)
1000 (总样本数

All Samples)
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模型更好还是更差？Better or worse

• 正确率Accuracy=(TP+TN)/总样本数All=810/1000=0.81

• 准确率Precision=TP/P=10/110=0.09

Accuracy  不重要

我们真正关心的
是准确率
Precision  重要

混淆矩阵
Confusion Matrix

预测情况Predict 模型得分
Score>=0.9?

求和Sum
分数Score>=0.9

Positive
分数Score<0.9

Negative

真实情况True
是否购买

Whether to buy

购买Yes 80 (TP) 20 (FN) 100 (TP+FN)

不购买No 400 (FP) 500 (TN) 900 (FP+TN)

求和Sum 480 (P) 520 (N)
1000 (总样本数

All Samples)
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召回率、查全率（Recall）

• 召回率(Recall)=TP/(TP+FN)=80/100=0.8

• 准确率(Precision)=TP/P=80/480=0.17

混淆矩阵
Confusion Matrix

预测情况Predict 模型得分
Score>=0.9?

求和Sum
分数Score>=0.9

Positive
分数Score<0.9

Negative

真实情况True
是否购买

Whether to buy

购买Yes 80 (TP) 20 (FN) 100 (TP+FN)

不购买No 400 (FP) 500 (TN) 900 (FP+TN)

求和Sum 480 (P) 520 (N)
1000 (总样本数

All Samples)
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模型更好还是更差？Better or worse?

• 召回率(Recall)=TP/(TP+FN)=90/100=0.9

• 准确率(Precision)=TP/P=90/690=0.13

召回率 Recall
和准确率 Precision
不得两全此消彼长can't 
have one or the other

混淆矩阵
Confusion Matrix

预测情况Predict 模型得分
Score>=0.9?

求和Sum
分数Score>=0.9

Positive
分数Score<0.9

Negative

真实情况True
是否购买

Whether to buy

购买Yes 80 (TP) 20 (FN) 100 (TP+FN)

不购买No 400 (FP) 500 (TN) 900 (FP+TN)

求和Sum 480 (P) 520 (N)
1000 (总样本数

All Samples)
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如何决定模型的阈值？
How to decide the threshold of the model?

• 选择 得分Score>0.9  还是or 得分Score>0.8？

• 理论方法——F1得分

• 例：

• 得分Score>0.9时，F1=2*0.17*0.8/(0.17+0.8)=0.28

• 得分Score>0.8时，F1=2*0.13*0.9/(0.13+0.9)=0.23

•其实没必要Not necessary
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•According to the specific situation, determine the 
scope of work.

•The scope is large, the results are many, and the 
accuracy is low.

•Small scope, few results, high accuracy.
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逻辑回归/其它机器学习模型能不能做到100%准确？
Logistic regression/other machine learning model can achieve 100% accurate?

• 有没有一个足够牛的模型，可以黑白分明？Is there a model that is 
good enough to be black and white?

0 10 1
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• At the model training level, it's easy!!

• It is easy to achieve 100% fit between the model and the training data by repeatedly training 
the model with the collected metrics

• At the practical level of the model, extremely difficult!!

• There are so many real metrics that it is impossible to collect them completely, and it is 
impossible to train such a model

The collected 
metrics

Metrics that 
influence 
behavior
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模型的权衡Model trade-offs

准确率
Precision

查全率
Recall

准确率
Precision

应用范围

Applications

Scope
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5. 机器学习与商业模式的结合
Machine Learning and Business Models
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1. Case study: A Differential pricing experiment

• Streitfeld, David. "On the web, price tags blur: What you pay could 

depend on who you are." The Washington Post September 27 (2000).

• Amazon conducted a dynamic pricing experiment with 68 DVD discs. 

During the experiment, Amazon determined the pricing levels for 

these 68 discs based on demographic information of potential 

customers, their shopping history on Amazon, online behavior, and 

the software systems they used for internet access.

• For a DVD titled "Titus," the pricing for new customers was set at 

$22.74, while for returning customers showing interest in the DVD, 

the price was $26.24.

• Through this pricing strategy, some customers paid a higher price than 

others, allowing Amazon to increase its gross profit margin.

$26.24 $22.74
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• Less than a month into the implementation of differential pricing, 

attentive consumers discovered the secret:

• "An Amazon customer stumbled upon a DVD he wanted to buy for 

$26.24, but when he cleaned his computer and returned to Amazon, 

the same DVD was priced at $22.74."

• Hundreds of DVD consumers got the word out through a 

community of music lovers called DVDTalk (www.dvdtalk.com)

• Of course, the customers who pay the high prices are complaining, 

and they have taken to the Internet to criticize Amazon's practices in 

fierce words.

• Some people openly say they will never buy anything from Amazon in 

the future.
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• Amazon only recently revealed that it tracks and records consumers' shopping 
habits and behavior on its site.

• After the incident came to light, consumers and the media began to wonder 
whether Amazon was using the data it collected on consumers as the basis for its 
price adjustments, and such speculation connected Amazon's price incident with 
sensitive online privacy issues.
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• Bezos, Amazon's chief executive, had to take the crisis into his own 

hand, pointing out that Amazon's price changes are random, 

regardless of who the customer is, and that the purpose of the price 

experiment is only to test the customer's response to different 

discounts. Amazon "does not use demographic data to make 

dynamic pricing, neither now nor in the future."

• Bezos publicly apologized to customers for any distress caused by 

the incident. Not only that, but Amazon has also tried to save 

people's minds with real action. Amazon has promised to give the 

largest discount to all consumers who bought the 68 DVDS during 

the price test period. According to incomplete statistics, at least 

6,896 customers who did not buy DVDS at the lowest discount price 

have been repaid by Amazon.
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2. 案例：Farecast预测机票票价
Case study: Farecast predicts airline ticket prices

• Etzioni, O., R. Tuchinda, C. A. Knoblock and A. Yates (2003). To buy 
or not to buy: mining airfare data to minimize ticket purchase price. 
Proceedings of the ninth ACM SIGKDD international conference on 
Knowledge discovery and data mining, ACM.

• 维克托•迈尔-舍恩伯格《大数据时代：生活、工作与思维的大变
革》

Oren Etzioni
University of Washington

Computer Science & Engineering

Director of Turing Center
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• "In 2003, Oren Etzioni was getting ready to fly from Seattle to 

Los Angeles to attend her brother's wedding. He knew the 

earlier he booked the cheaper the flight, so he booked a flight 

to Los Angeles online months before the big day."

• "On the plane, Etzioni curiously asked the passenger next to 

him how much he had paid for his ticket. He was very angry 

when he learned that even though the man had bought his 

ticket later, the ticket was much cheaper than his own. He 

asked a few other passengers and found that they all had 

cheaper tickets than he did."
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• Etzioni, O., R. Tuchinda, C. A. Knoblock and A. Yates (2003). To buy or not to buy: mining airfare data to 
minimize ticket purchase price. Proceedings of the ninth ACM SIGKDD international conference on 
Knowledge discovery and data mining, ACM.
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• "Etzioni created a prediction system that helped virtual passengers 
save a lot of money. The system is based on a sample of 12,000 prices 
over 41 days, scraped from a travel website."

• "The prediction system doesn't say why, it can only speculate about 
what will happen. That is, it does not know what factors contribute to 
the fluctuations in ticket prices. It doesn't know if the price is down 
because of unsold seats, seasonal reasons, or "not going out on 
Saturday nights." The system only knows how to use data from other 
flights to predict future price movements."
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• "That little project grew into 
a venture-capital funded 
tech startup called Farecast. 
"By predicting where 
airfares will go and how 
much they will rise or fall, 
Farecast's fare prediction 
tool helps consumers make 
the most of their purchases 
in a way that no other site 
has made possible before."
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• 技术的接受度、实用性Technology acceptance, usability



Copyright © 2023 All rights reserved. 版权所有请勿私自传播 178



Copyright © 2023 All rights reserved. 版权所有请勿私自传播

大数据的“阿基里斯之踵”：准确率
The Achilles heel of Big Data: accuracy
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谢谢！
Thank you for your attention.
liuyuewen@xjtu.edu.cn

mailto:liuyuewen@xjtu.edu.cn
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