
Market Basket Analysis
购物篮分析
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Have you heard about the story of
“diaper and beer”?

 
你听说过‘尿布和啤酒’的故事吗？
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This question is also relevant for financial practitioners. For
instance, there are about 2,500 stocks traded in the Hong
Kong Stock Exchange, and an investor typically holds
multiple stocks. By using similar analysis, we can see which
stocks investors tend to hold together, and you can make
recommendations to your clients accordingly.

5



这个问题对⾦融从业者也很重要。例如，在⾹港证券交易所
有⼤约2,500只股票在交易，投资者通常持有多只股票。通过
类似的分析，我们可以看到投资者倾向于同时持有哪些股
票，然后您可以相应地向您的客户提供建议。
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We examine a strategy to extract insight from transactions
and cooccurrence data: association rule mining. Association
rule analysis attempts to find sets of informative patterns
from large, sparse data sets.
 

Which products do consumers purchase together?
Which stocks do investors invest together?

Which services do clients use together?
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我们研究⼀种从交易和共现数据中提取见解的策略：关联规
则挖掘。关联规则分析试图从⼤型稀疏数据集中找到⼀组信
息丰富的模式。
 

消费者⼀起购买哪些产品？
投资者⼀起投资哪些股票？
客户⼀起使⽤哪些服务？
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The Basic Idea

 
Suppose that 2% of your shoppers buy diapers and 5% of them
buy beer in your supermarket.

 
Now, let us focus on those who buy diapers. Among these
shoppers, if 5% of them also buy beer, you can claim that diaper-
buyers do not like beer more or less than others do, and there is no
specific relationship between diaper and beer. However, if 25% of
them also buy beer, it is quite different than the base rate and is
evidence of an association.
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基本理念
 

假设你的顾客中有2%购买尿布，5%购买啤酒。
 
现在，让我们关注那些购买尿布的顾客。在这些购买尿布的
顾客中，如果有5%的⼈也购买啤酒，你可以断定购买尿布的
⼈对啤酒的需求不会更多或更少，尿布和啤酒之间没有特定
的关系。然⽽，如果有25%的⼈也购买啤酒，那就与基础率
相去甚远，这是关联的证据。
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Background

A transaction, or a market basket, is the set of things that
are purchases at one occasion. For each, {beer, diaper,
chocolate} is a transaction of a consumer.
A rule expresses the incidence across transactions of one set
of items as a condition of another set of items. It can be
something like {diaper}->{beer}, but can also be like {potato,
chocolate}->{beer, soda, water}.
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背景

 
交易或购物篮是⼀次购买的物品集合。例如，{啤酒，尿布，
巧克⼒} 是⼀个消费者的交易。
 
规则表达了⼀组物品在交易中的发⽣与另⼀组物品出现的关
联。它可以是像{尿布}->{啤酒}这样的规则，也可以是像{⼟
⾖，巧克⼒}->{啤酒，苏打⽔，⽔}这样的规则。
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Metrics

The support for a set of items is the proportion of all
transactions that contain the set. For example, if {pizza,
soda} appears in 10 out of 200 transactions, then
 

support(pizza, soda) = =
200
10

0.05.
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度量指标

⼀组物品的⽀持度 (support) 是包含该组物品的所有交易的⽐
例。例如，如果{⽐萨，苏打⽔}在200次交易中出现了10次，
则
 

support(pizza, soda) = =
200
10

0.05.
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Metrics

Confidence is the support for the cooccurrence of all items
in a rule, conditional on the support for the left hand set
alone.

 
Equivalently,  measures how likely a
consumer purchases Y given that the consumer already
purchases X.

confidence(X → Y ) = .
support X

support(Xand Y )

confidence(X → Y )
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度量指标

置信度(Confidence) 被定义为当左边产品组合被购买的情况
下，右边产品组合被购买的概率.

 
换句话说,  表⽰消费者已经买了 X 的情况
下会同时购买 Y 的概率。

confidence(X → Y ) = .
support X

support(Xand Y )

confidence(X → Y )
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Metrics

Note that  is not always equal to 
, for instance:

 
: If a person has an MBA

degree, he/she must also have a bachelor degree.
 

: If a person has a
bachelor degree, with probability 5% he or she also has an
MBA degree.

confidence(X → Y )
confidence(Y → X)

confidence(MBA → Bachelor) = 1

confidence(Bachelor → MBA) = 0.05
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度量指标

需要注意的是，  并不总是等同于 
, 举例来说：

 
: 如果⼀个⼈具有MBA学

位，那么这个⼈⼀定具有本科学位
 

: 如果⼀个⼈具有本科
学位，那么这个⼈有 5% 的⼏率具有 MBA 学位。

confidence(X → Y )
confidence(Y → X)

confidence(MBA → Bachelor) = 1

confidence(Bachelor → MBA) = 0.05
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Metrics

A more important measure, lift, is the support of a set
conditional on the joint support of each element:
 

 
When lift is greater than 1, it means the two items are likely
to occur together. The larger lift is, the stronger the
connection between the items.

lift(X → Y ) = .
support(X) × support(Y )

support(Xand Y )
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度量指标

⼀个更重要的指标, 提升度(lift), 表⽰两组产品同时购买和分
别购买之间的关系:
 

 
当 lift ⼤于 1 时，表⽰这两组产品更可能被同时购买。⽽这
个概率越⼤，则表⽰这两组产品越有机会被同时购买。

lift(X → Y ) = .
support(X) × support(Y )

support(Xand Y )
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library(arules)
library(arulesViz)
mydata = readLines("https://ximarketing.github.io/data/basket.txt")
head(mydata)

1
2
3
4

First, we load data of consumer purchase information.

The second consumer has bought products number
30, 31, and 32 during at one occasion. 
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library(arules)
library(arulesViz)
mydata = readLines("https://ximarketing.github.io/data/basket.txt")
head(mydata)

1
2
3
4

我们⾸先载⼊数据

第⼆个消费者⼀次同时购买了编号为 30, 31, 和 32 的产品
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mydata = strsplit(mydata, " ")
transactions <- as(mydata, "transactions")
summary(transactions)

1
2
3

Next, we create transaction records from the data,
which can be used for further analysis.

These are the most popular items in the transaction
records.
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mydata = strsplit(mydata, " ")
transactions <- as(mydata, "transactions")
summary(transactions)

1
2
3

接下来，我们从数据中创建交易记录，这可以⽤
于进⼀步分析。

这些是交易记录中最受欢迎的物品。
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rules <- apriori(transactions, 
                 parameter= list(supp=0.001, conf=0.4))
inspect(sort(rules, by="lift"))  

1
2
3

This line allows us to create the association rules 
, with two restrictions: (1) The support

should be at least 0.001, and the confidence should be
at least 0.4. We then sort the rules by their lift and
show the results.

{A} → {B}
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rules <- apriori(transactions, 
                 parameter= list(supp=0.001, conf=0.4))
inspect(sort(rules, by="lift"))  

1
2
3

这⼀⾏允许我们创建关联规则 ，并
有两个限制条件：(1) ⽀持度 support ⾄少为
0.001，置信度 confidence ⾄少为0.4。然后，我
们根据提升度 lift 对规则进⾏排序，并展⽰结
果。

{A} → {B}
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These are the top 10 rules that we detected, and you can use
the result to make recommendations to your consumers. For
example, if one consumer buys item 696, you can ask the
consumer "do you want to buy item 699 with it?"
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这些是我们检测到的前10条规则，您可以利⽤这些结果向您
的消费者提供建议。例如，如果⼀个消费者购买了商品696，
您可以询问消费者：“您是否想⼀起购买商品699呢？”
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plot(rules , method="graph", control= list(type="items"))1

We can further
visualize the rules we
have detected. You will
get something like this
(it varies with different
for the system):
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plot(rules , method="graph", control= list(type="items"))1

我们可以进⼀步将我们
检测到的规则进⾏可视
化展⽰。您将会看到类
似以下内容的展⽰（实
际展⽰会因系统不同⽽
有所变化）：
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1 2

In the above visualization, each circle represents
a rule. The inbound arrow captures the items on
the left-hand side of the rule, and the outbound
arrow captures the items on the right-hand side
of the rule. Here, we have a rule {1}->{2}.
The size (area) of the circle represents the rule’s
support, and shade represents lift (darker
indicates higher lift).
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在上述可视化中，每个圆代表⼀条规则。指向圆
的箭头代表了规则左侧的项⽬，指出圆的箭头代
表了规则右侧的项⽬。这⾥我们有⼀条规则{1}->
{2}。
圆的⼤⼩（⾯积）代表规则的⽀持度 support，
颜⾊深浅代表提升度 lift（颜⾊越深表⽰ lift 越
⾼）。
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The complete code is here:

library(arules)
library(arulesViz)
mydata = readLines("https://ximarketing.github.io/data/basket.txt")
mydata = strsplit(mydata, " ")
transactions <- as(mydata, "transactions")
rules <- apriori(transactions, 
 parameter= list(supp=0.001, conf=0.4))
inspect(sort(rules, by="lift"))
plot(rules , method="graph", control= list(type="items"))

1
2
3
4
5
6
7
8
9
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A Stock Example ⼀个股票的例⼦
 

You are a stock broker. You would like to recommend stocks
to investors. You can analyze the stock holdings of
individual investors and find some rules. For example, you
may reach the conclusion that “if a person invests in CCB,
the person may also be interested in ICBC.” 
 
你是⼀名股票经纪⼈，希望向投资者推荐股票。你可以分析
个⼈投资者的股票持有情况，并找出⼀些规律。例如，你可
能得出结论：“如果⼀个⼈投资了中国建设银⾏，那么这个⼈
可能也对中国⼯商银⾏感兴趣。”
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A Stock Example ⼀个股票的例⼦
 

I don’t have the information about individual stock
holdings, but I can access the holdings of mutual funds. 
 
我没有关于个⼈股票持有情况的信息，但我可以访问共同基
⾦的持仓情况。
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You can access the funds information .
你可以在 查询基⾦信息

here
这⾥
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https://fund.eastmoney.com/allfund.html
https://fund.eastmoney.com/allfund.html


You can further check the holdings of individual funds.
你可以进⼀步查询每个基⾦的持仓
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library(arules)
library(arulesViz)
options(encoding = "GB18030")
mydata <- 
readLines("https://ximarketing.github.io/data/fund_holdings.txt", 
encoding = "GB18030")
head(mydata)
mydata = strsplit(mydata, " ")
transactions <- as(mydata, "transactions")
rules <- apriori(transactions, 
                 parameter= list(supp=0.01, conf=0.1))
inspect(sort(rules, by="lift"))
plot(rules , method="graph", control= list(type="items"))

1
2
3
4

5
6
7
8
9
10
11
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If an investor holds CCB stock, what else will she/he
consider?

如果⼀个投资者持有建设银⾏的股票，他/她还会考虑什么？

rules <- apriori(transactions, parameter = list(supp = 0.001, 
conf = 0.01))
A <- "建设银⾏"
rules_A <- subset(rules, lhs %pin% A)
top_rules <- head(sort(rules_A, by = "confidence"), 20)
inspect(top_rules)

1

2
3
4
5
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Who would you recommend CCB stock to?
你想把建设银⾏股票推荐给谁

rules <- apriori(transactions, parameter = list(supp = 0.001, 
conf = 0.01))
A <- "建设银⾏"
rules_A <- subset(rules, rhs %pin% A)
top_rules <- head(sort(rules_A, by = "confidence"), 20)
inspect(top_rules)

1

2
3
4
5
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Who would you recommend CCB stock to?
你想把建设银⾏股票推荐给谁

rules <- apriori(transactions, parameter = list(supp = 0.001, conf = 0.01))
A <- "建设银⾏"
rules_with_one_item <- subset(rules, ((size(lhs) == 1) & (rhs %pin% A)))
top_rules <- head(sort(rules_with_one_item, by = "confidence"), 20)
inspect(top_rules)

1
2
3
4
5

45



46



Conditional Logit Model and
Conjoint Analysis
条件Logit模型和联合分析
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In multinomial logit model, a person chooses among a few
alternatives. The decision hinges on the decision maker's
personal features, not the features of the alternatives. In our
previous example, the route decision hinges on features
such as distance, age, which are constant across all
alternatives.
 
In conditional logit model, a person chooses among a few
alternatives. The decision hinges on the alternatives'
features, not the feature of the individuals.
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在 multinomial logit model 模型, ⼀个⼈从⼏个选项中做出
选择。 这个选择取决于这个⼈的个⼈特征⽽不是这些选项的
特征，例如，选择基于这个⼈的年龄，性别等个⼈特征。
 
在 conditional logit model 模型, ⼀个⼈从⼏个选项中做出选
择。这个选择取决于这个选项的特征⽽不是这个⼈的特征。
例如，选择基于这个选项的价格，质量，颜⾊等。
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Example:
 
Consumers choose among three computers, A, B, and C.

1. If the choices are based on consumers' age, gender,
education etc, then we use the multinomial logit model.

2. If the choices are based on the price, quality of the
computers, then we use the conditional logit model. 
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举例：
 
消费者从三个电脑品牌中选择⼀个, A, B, 和 C.

1. 如果选择是基于消费者的年龄，性别，职业等信息，那么
我们选择的模型是 multinomial logit model.

2. 如果选择是基于每个电脑的价格，质量，服务等，那么我
们选择的模型是 conditional logit model. 
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install.packages("survival")
library(survival)
library(stargazer)
mydata = read.csv("https://ximarketing.github.io/data/conjoint.csv")
head(mydata)

1
2
3
4
5
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Consumer 1 (id = 1) chooses between three offers:

Interest
Rate

Down
Payment

Rebate Speed
(Months)

Choice

3.75% 40% 0.15% 0.5 NO
4.00% 25% 0.15% 1.0 NO
3.75% 25% 0% 1.0 YES
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⽤户1 (id = 1) 从下⾯三个按揭计划中做出选择：

按揭利率 ⾸付 回赠 审批时间
（⽉度）

选择

3.75% 40% 0.15% 0.5 NO
4.00% 25% 0.15% 1.0 NO
3.75% 25% 0% 1.0 YES
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result<-clogit(choice ~ interest + downpayment + rebate 
               + speed + strata(id), data=mydata)
summary(result)

1
2
3
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stargazer(result, type="html", out="result.html")1

When interest rate increases, the user is
less likely to choose the plan; when down
payment increases, the user is less likely
to choose the plan; when approval takes
longer time, the user is less likely to
choose the plan.

 
当利率增加，⾸付变⾼，或者审批时间变
长的情况下，⽤户选择按揭的概率降低。
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The coefficient for interest is -1.185 and the coefficient for speed is
-0.1172. Because 0.1172/1.185=0.098, it suggests that a 1 month increase
in approval time is equivalent to a 0.098% decrease in interest rate. 
 
利率的系数是-1.185⽽审批时间系数是-0.1172. 因为0.1172/1.185=0.098，
这说明审批时间增加⼀个⽉的代价相当于利率上涨0.098%带来的代价。
换句话说，⼀个⽉的审批时间对于消费者的价值是0.098%的利率。
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Conjoint Analysis

Conjoint analysis is another useful tool for setting your
prices, especially for existing products that consumers are
familiar with. Let us image that you are determining the
best interest to offer to clients, where each plan has a few
attributes: interest rate, down payment, rebate, and review
time.
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联合分析

联合分析是设置价格的⼀个有⽤⼯具，尤其适⽤于消费者熟
悉的现有产品。让我们设想你正在确定向客户提供的最佳利
率，其中每个计划都有⼏个属性：利率、⾸付款、现⾦回赠
和审核时间。
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Conjoint Analysis

You then create different combinations and let consumers
choose from the alternatives like this: 

 
 
 
 
 

 
And for different clients, you make different choice sets and
let them make the choice.

Interest Rate Down
Payment

Rebate Review Time

3.75% 40% 0.15% 0.5
4.00% 25% 0.15% 1.0
3.75% 25% 0% 1.0
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联合分析

然后，您创建不同的组合，让消费者从类似以下的备选⽅案中进⾏选择：
 
 
 
 
 

 
对于不同的消费者，您制定不同的选择集，并让他们进⾏选择。

贷款利率 ⾸付 现⾦回赠 审批时间

3.75% 40% 0.15% 0.5
4.00% 25% 0.15% 1.0
3.75% 25% 0% 1.0
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Conjoint Analysis

For example, you survey 6,000 consumers, and each
consumer chooses among 3 alternatives. Then you plug the
data into your conditional logistic model, and get results
like this:
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联合分析

例如，您对6,000名消费者进⾏调查，每名消费者在3个备选
⽅案中进⾏选择。然后，您将数据输⼊到 Conditional Logit
模型中，并获得以下结果：
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Conjoint Analysis

Then, you can answer questions like this:
Given the offers of my competitors, if my interest rate
decreases by 1%, how would my market share change?
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联合分析

然后，您可以回答以下类似的问题：
如果我的利率降低1%，鉴于我的竞争对⼿的按揭计划，我的
市场份额会如何变化？
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library(survival)
library(stargazer)
mydata = read.csv("https://ximarketing.github.io/data/conjoint.csv")
head(mydata)
result<-clogit(choice ~ interest + downpayment + rebate 
               + speed + strata(id), data=mydata)
coef_interest <- coef(result)["interest"]
coef_downpayment <- coef(result)["downpayment"]
coef_rebate <- coef(result)["rebate"]
coef_speed <- coef(result)["speed"]
 
interest1 <- 3.85; downpayment1 <- 30; rebate1 <- 0.1; speed1 <- 1
interest2 <- 4.25; downpayment2 <- 25; rebate2 <- 0.25; speed2 <- 0.5
 
d1 <- exp(interest1 * coef_interest + downpayment1 * coef_downpayment + 
            rebate1 * coef_rebate + speed1 * coef_speed)
d2 <- exp(interest2 * coef_interest + downpayment2 * coef_downpayment + 
            rebate2 * coef_rebate + speed2 * coef_speed)
 
s1 <- d1/(d1+d2)
s2 <- d2/(d1+d2)
print(c(s1, s2))

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
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Suppose that you are designing the first plan.
 
If you keep interest rate to 3.85%, your market share is 53.1%.

If you raise interest rate to 4.85%, your market share drops to 25.7%.
If you raise interest rate to 5.85%, your market share drops to 9.5%.

If you cut interest rate to 2.85%, your market share increases to 78.7%.
 
You can choose the interest that balances your margin and market share!
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假设你正在设计第⼀个按揭计划。
 
如果将利率保持在3.85%，你的市场份额为53.1%
如果将利率提⾼到4.85%，你的市场份额下降到25.7%
如果将利率提⾼到5.85%，你的市场份额下降到9.5%
如果将利率降低到2.85%，你的市场份额增加到78.7%
 
你可以选择⼀个平衡利润和市场份额的利率！
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Selection Bias
选择偏差
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In WWII, some planes never come back, and some come back with
bullet holes. Here is the distribution of bullet holes. How would you
reinforce the plane to increase the survival rate?
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在第⼆次世界⼤战中，⼀些飞机坠毁了，⽽⼀些则带着弹孔返回。以下是
弹孔的分布。你会如何加强飞机以提⾼⽣存率？
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You should reinforce places where there are no holes,
because if the plane will never come back when it has holes
in these places! This is called the survivalship bias.
 
We only see part of the dataset. The other part is missing!
 
When you survey existing consumers, you don’t know why
consumers are not buying your products. You don’t get
honest opinion on your product development.
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你应该加强没有弹孔的地⽅，因为如果这些地⽅有弹孔，飞
机就不会回来！这被称为幸存者偏差。
我们只看到了数据集的⼀部分。另⼀部分是缺失的！
当你调查现有消费者时，你不知道为什么消费者不购买你的
产品。你⽆法获得对产品开发的真实反馈。
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Credit risk modeling
Based on whether a consumer repays the loan, you build an algorithm
that predicts consumer repayment.
However, you only get data on consumers who got your loan, but do
not get data on consumers who did not get your loan.
Some financial institutions randomly extend loans to some consumers
who they predict will not repay.  74



信⽤风险建模
基于消费者是否偿还贷款，你建⽴⼀个算法来预测消费者的还款能⼒。
然⽽，你只能获得获得贷款的消费者的数据，却⽆法获得未获得贷款的
消费者的数据。
⼀些⾦融机构会随机向⼀些他们预测不会还款的消费者发放贷款。
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运动能⼒与学术能⼒是否存在负相关关系？
店铺位置是否与管理技能负相关（你关闭经营不善的店铺）？
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再以篮球为例，如果只看 NBA 球员，会发现⾝⾼⽐较⾼的⼈得分率反⽽
不如⾝⾼矮的⼈得分率⾼。这是因为⾝⾼矮还能进 NBA 的⼈必然是⽤其
他优势补⾜了⾝⾼的弱势。
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课后讨论问题：
 

1. 举⼀个你⾝边的选择偏差例⼦
2. 我们讲的定价中，所有消费者的价格都是相同的。但现实
中，我们经常会有“⼀⼈⼀价”，根据数据对不同消费者收
取不同的价格。如果你⽤⼤数据为你的产品制定个性化定
价，你会收集哪些数据？你会如何定价？
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举⼀个你⾝边的选择偏差例⼦
 

“  某餐厅在顾客离店时，通过扫码邀请评价，仅计算填写问卷的顾客满
意度。

“  在社交媒体上，⼈们倾向于分享旅⾏、聚餐、获奖等积极的⽣活瞬
间，⽽很少主动发布失败、压⼒⼤或⽇常琐事。

“  ⽐如分析具有哪些特性的⼈更容易创业成功，往往会聚焦于少数获得
成功的⼈⽽忽略了⼤多数未能取得成功的群体。

“  银⾏在做客户满意度分析时，向客户发送调查问卷，本⾝收到问卷的
客户，是对银⾏满意度较⾼的
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“⼀⼈⼀价”
 

基于顾客的地理位置信息(如IP地址，⼿机定位和移动轨迹)
基于顾客的设备信息(操作系统，⼿机型号)
基于顾客的购物历史(杀熟)或浏览搜索⾏为(越搜越贵)
基于顾客的⼈⼜社会学信息(年龄性别收⼊家庭环境等)
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