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Abstract  The life events are regarded to play an important role in consumers' purchasing behaviors. In case such 

information is available, advertisement recommendation systems can accomplish more effective advertising. However, this 

kind of privacy information is difficult to be obtained directly and data mining-based prediction is usually necessary. In this 

paper, a study on predicting users' life events in the near future based on the fluctuation of their web access is conducted. The 

life event related websites are first specified by exploiting users’ web access logs. Then, the prediction model is developed 

based on users’ fluctuation of accessing these websites. The proposed scheme is evaluated on a data set which is comprised of 

the web access logs of thousands of anonymous users within two years, and the life event-house moving is taken as an example. 

The results show that the higher precision and recall can be achieved by our developed model compared to the random guess. 
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1. Introduction 

People nowadays are increasingly relying on the 

Internet for information searching and shopping. The 

Internet users not only actively use the search engines and 

E-commerce websites, but also receive the information 

passively from the advertisement recommender systems.  If 

the distributed advertisements from these systems provide 

the information expected by the users, the clickthrough 

rate can be significantly improved. To distribute such 

correct advertisements, the advertisement recommender 

systems should distinguish who are the target users. There 

are mainly two approaches to find target users: 

content-based filtering [1] and collaborative filtering [2].  

Both of the two approaches attempt to mine users’ profiles 

or similarities from different kinds of data. 

In users’ profiles, the life events (e.g., house moving, 

marriage) affect consumers’ purchasing behaviors very 

much. Users facing life events prefer to search for related 

information and purchase related products or services in 

advance. For example, house-moving users tend to find the 

information about rental houses and order some pieces of 

furniture in advance, while the newlyweds tend to find the 

information about wedding ceremony and buy wedding 

gowns ahead. If the occurrence of users’ life events in the 

near future is known, it is possible for the advertisement 

recommender systems to distribute related advertisements 

precisely.  

However, the life events of users are usually privacy 

information and cannot be obtained directly. Mining life 

events based on users’ data for E-commerce has been 

studied in recent research works. In [3], users’ shopping 

history in the China's largest E-commerce website, Taobao, 

is utilized to analyze the Mum-Baby status of users with 

the Maximum Entropy Semi Markov Model. In [4], both 

the prediction and product recommendation approaches 

regarding the Mum-Baby status are studied using the open 

data of shopping history from Tianchi, a data science and 

machine learning competition website of Alibaba. 

Different from the above two works using shopping 

history, the app adoption of mobile devices  and twitter 

logs are adopted separately in [5] and [6] to predict the 

current or near-future life stages (events) of users.  

There have been also some trials predicting users’ life 

events based on the web access in industry [7-9]. In [7-8], 

keywords are first extracted from users’ access data, and 

then these keywords are compared with the predefined life 

event related keywords to predict the occurrence of life 

events. The prediction approach in [9] is similar, except 

that the websites(URLs) instead of keywords are utilized. 

Both works in [7-8] and [9] require a predefined database 

of life event related keywords or websites, but how to 

generate this kind of database is not explained. Also, these 

approaches are simple rule-based, which may need rich 

experience of operators and be difficulty to maintain the 

rules. To solve these problems, a proposal to specify the 

life event related websites is first designed by us, and then 

a machine learning prediction model  for the occurrence of 

life events based on users’ fluctuation of accessing these 

related websites is developed. A data set, which is 

comprised of the web access logs of thousands of  



 

 

anonymous users within two years, is utilized to evaluate 

our scheme. The life event-house moving is taken as an 

example, and the prediction results show that the higher 

precision and recall can be achieved by our developed 

model compared to a random guess method. 

 

2. Life event prediction proposals  

Each life event is assumed to have its related websites. 

For example, house moving is related to rental house and 

furniture websites, marriage is related to wedding 

ceremony and wedding gown websites, and so on. The 

access of these related websites is usually increased when 

a user will experience or is experiencing a life event. 

Based on the above assumption, we propose a scheme for 

life event prediction, the framework of which is shown in 

Fig 1.  

 

Fig 1. Framework of the scheme for life event prediction  

 

Let’s denote the users who experienced the life event  as 

experienced users and the users who did not experience 

the life event as unexperienced users  in the training data. 

First, the statistical difference of the experienced users 

before and after the life event, as well as the statistical 

difference between the experienced users and the 

unexperienced users are exploited to specify the life event 

related websites, which are then saved in a database. Next, 

the fluctuation data of accessing these related websites 

before the life event is calculated per user in the training 

data as the features. The prediction model is then 

developed by using machine learning on these fluctuation 

data and the life event labels. For the evaluation on test 

data or the prediction in real environments, users’ 

fluctuation data of accessing related websites are similarly 

calculated according to the related website database, 

which is inputted into the developed model to predict 

whether users will experience a life event or not in the 

near future. The details are described as follows.  

2.1 Specifying life event related websites  

For machine learning, the statistical difference between 

positive samples and negative samples (the experienced 

users and the unexperienced users in this paper) is usual ly 

utilized to find the significant features. However, the life 

events are generally temporary, such that the experienced 

users themselves can be treated as the unexperienced users 

when they are not during the period of life events. The 

statistical difference of the experienced users during and 

not during the life events is also able to be utilized to 

extract the significant features. Both of the above two 

types of statistical difference are considered by us to 

specify the life event related websites.  

Type A: Statistical difference of the experienced users 

during and not during the life events for specifying the life 

event related websites  

The information on the period of accessing life event 

related websites is not available in general, and thus it is 

not intuitive to decide when is the start point to find the 

statistical difference. Therefore, we adopted a backward 

method, which compares the web access logs before and 

after the life event, to specify the related websites. The 

proportion of users who accessed a website in the 

experienced user group during a time window T is 

aggregated as Table 1. The length of T can be adjusted, 

e.g., one week or one month. 𝑇0  indicates the time 

window in which the life event occurs, while 𝑇𝑛 indicates 

the time windows before (after) 𝑇0 when n is a negative 

(positive) number. The range of n can be decided as 

needed, and [-5,1] is adopted in Table 1. 𝑃𝑚,𝑛 means the 

proportion of users who accessed a website in the 

experienced user group, for the websitem and time window 

𝑇𝑛. For example, when 𝑇0 indicates 2017.12, 𝑇−1 and 𝑇1 

indicates 2017.11 and 2018.01 respectively. If 100 

experienced users access the web1 in 2017.12 and there 

are 500 experienced users in total, 𝑃1,0 is 100/500 = 0.2.  

 

Table 1. The proportion of users who accessed a website in 

the experienced user group  

 𝑇−5 𝑇−4 𝑇−3 𝑇−2 𝑇−1 𝑇0 𝑇1 

web1  𝑃1,−5 𝑃1,−4 𝑃1,−3 𝑃1,−2 𝑃1,−1 𝑃1,0 𝑃1,1 

web2  𝑃2,−5 𝑃2,−4 𝑃2,−3 𝑃2,−2 𝑃2,−1 𝑃2,0 𝑃2,1 

web3 𝑃3,−5 𝑃3,−4 𝑃3,−3 𝑃3,−2 𝑃3,−1 𝑃3,0 𝑃3,1 

… 

   

Since we use the backward technique, the ratio of 𝑃𝑚,𝑛 

(n <0) to 𝑃𝑚,1 is calculated: 

𝑅𝐴𝑚,𝑛 =  𝑃𝑚,𝑛 𝑃𝑚,1⁄  

Two threshold values 𝛾1  and 𝛾2  are determined to 



 

 

specify the related websites. First the column of 𝑇−1 is 

checked and the websites with ratio 𝑅𝐴𝑚,−1 ≥ 𝛾1  are 

selected as the related websites. The set of these websites 

and its cardinality (the number of these websites) are 

denoted by 𝑨−1 and 𝑁−1 respectively. Then, the column 

of 𝑇−2 is checked similarly and the websites with ratio 

𝑅𝐴𝑚,−2 ≥ 𝛾1 are selected as the related websites. The set 

of these websites and its cardinality are denoted by 𝑨−2 

and 𝑁−2. The similar process is conducted for 𝑇−3 and so 

on. At last, the process stops at a value s with 𝑁𝑠 < 𝛾2, or 

n reaches to a predefined minimum value 𝑠𝑚𝑖𝑛 (in this 

case s is set to be 𝑠𝑚𝑖𝑛). s+1 is regarded as the start point 

of accessing the life event related websites . The union of 

sets, 𝑨 = 𝑨𝑠+1 ∪ 𝑨𝑠+2 ∪ … ∪ 𝑨−2 ∪ 𝑨−1, is the acquired set 

of related websites for Type A. 

Type B: Statistical difference between the experienced 

users and the unexperienced users for specifying the life 

event related websites  

The statistical difference between the experienced users 

and the unexperienced users is only considered from 𝑇𝑠+1 

to 𝑇−1 (s was derived above). The proportion of users 

who accessed a website in the unexperienced user group 

during a time window is aggregated as Table 2.  

 

Table 2. The proportion of users who accessed a website in 

the unexperienced user group  

 𝑇𝑠+1 𝑇𝑠+2 … 𝑇−2 𝑇−1 

web1  𝑃′1,𝑠+1 𝑃′1,𝑠+2 … 𝑃′1,−2 𝑃′1,−1 

web2  𝑃′2,𝑠+1 𝑃′2,𝑠+2 … 𝑃′2,−2 𝑃′2,−1 

web3  𝑃′3,𝑠+1 𝑃′3,𝑠+2 … 𝑃′3,−2 𝑃′3,−1 

…. 

   

The ratios of 𝑃𝑚,𝑛 in Table 1 to 𝑃′𝑚,𝑛 in Table 2 are 

then calculated:  

𝑅𝐵𝑚,𝑛 =  𝑃𝑚,𝑛 𝑃′𝑚,𝑛⁄  

For each column from 𝑇𝑠+1 to 𝑇−1, the websites with 

ratio 𝑅𝐵𝑚,𝑛 > 𝛾1 are selected as the related websites, the 

set of which are denoted by 𝑩𝑛. The union of sets, 𝑩 =

𝑩𝑠+1 ∪ 𝑩𝑠+2 ∪ … ∪ 𝑩−2 ∪ 𝑩−1, is the acquired set of related 

websites for Type B. 

𝑨 and 𝑩 are thought to be almost the same when using 

ideal data set. However, the real data set generally has 

limited user number and limited records, which makes 𝑨 

is different from 𝑩 in the real environments. Different 

combinations of 𝑨 and 𝑩 (only 𝑨, only 𝑩, 𝑨 ∪ 𝑩 and 

𝑨 ∩ 𝑩 ) can be considered as the final set of related 

websites, the differences of which will be illustrated in the 

experiment section.  

 2.2 Developing the prediction model based on the 

fluctuation of users' web access 

The fluctuation of accessing the related websites per 

user (the experienced users and unexperienced users)  is 

used as the features. Specifically, the proportion of 

records accessing the related websites to all the records 

per user is aggregated first for each time window from 𝑇𝑠 

to 𝑇−1. Let’s denote 𝑁𝑖,𝑛,𝑟  and 𝑁𝑖,𝑛,𝑡  are the number of 

recodes accessing related websites and the number of all 

the records respectively for user i in the time windows 𝑇𝑛. 

The proportion is derived as 𝑝𝑖,𝑛 =  𝑁𝑖,𝑛,𝑟 𝑁𝑖,𝑛,𝑡⁄ . Then the 

difference (fluctuation) 𝐹𝑖,𝑛  of the proportions between 

𝑇𝑛  and 𝑇𝑛−1  is calculated per user for 𝑛 ∈ {𝑠 + 1, 𝑠 +

2, … , −2, −1}, i.e, 𝐹𝑖,𝑛 = 𝑝𝑖,𝑛 − 𝑝𝑖,𝑛−1. 

If useri is an experienced user who moved in the time 

window 𝑇0, the label is set to be 1. Otherwise, the label is 

set to be 0. Then the Table 3 can be obtained, which is 

used to perform the machine learning to develop a 

prediction model. For test data or real data, the occurrence 

of life events in the near future (i.e., in next month here)  

can be predicted after processing users’ web access logs in 

the same form.  

 

Table 3. Features (fluctuations) and labels for learning the 

life event prediction model  

 Features  label 

 𝑇𝑠+1 𝑇𝑠+2 … 𝑇−2 𝑇−1 

user1  𝐹1,𝑠+1 𝐹1,𝑠+2 … 𝐹1,−2 𝐹1,−1 1 

user2  𝐹2,𝑠+1 𝐹2,𝑠+2 … 𝐹2,−2 𝐹2,−1 1 

user3  𝐹3,𝑠+1 𝐹3,𝑠+2 … 𝐹3,−2 𝐹3,−1 0 

…. 

 

3. Experiments  

The experiment evaluation is performed on a data set, 

which is comprised of the web access logs of thousands of 

anonymous users within two years. The life event-house 

moving is considered, and the house moving labels are 

obtained from questionnaires. Also, the URL’s network 

location part (netloc) is adopted to identify the websites.  

3.1 Data preparation  

All the users are divided into two groups according to 

whether they moved or not: moved users and unmoved 

users. The parameters T, 𝛾1, 𝛾2 and 𝑠𝑚𝑖𝑛 are set to be 

one month, 2, 1 and -6 initially. Since the data of 𝑇1 is 

necessary for obtaining the related website set 𝑨, the 

users who moved in the 24 t h month are not considered. 

Also, the data from 𝑇𝑠𝑚𝑖𝑛
 to 𝑇−1 is necessary to obtain 

the features, the users who moved from 1 st  to 6 t h months 

are not considered either. Therefore,  only the moved users 

who moved from the 7 t h to 23rd months are considered.  



 

 

The data is prepared as Table 4, in which the samples of 

the N t h month (N is from 7 to 23) are prepared based on the 

(N-6) t h ~ (N+1)t h months’ logs of the users who moved in 

the N t h month and all the unmoved users. However, the 

users who have no web access logs from the (N-5)t h to 

(N-1) t h months are excluded.  

 

Table 4. The data preparation1 

  1 2 3 4 5 6 7
  

8 9 10  11 … 

7 users  moved 

in 7 t h month  
           

unmoved  

users  
           

8 users  moved 

in 8 t h month  
           

unmoved  

users  
           

9 users  moved 

in 9 t h month  
           

unmoved  

users  
           

… 

   

After having prepared the data, the total samples are 

aggregated together and arranged randomly. Then the 

samples are split into 10 folds for cross validation. 

3.2 Specifying house moving related websites  

For every iteration, the house moving related websites 

are specified using the training data according to the last 

section. Corresponding to Table 1, a fragment of the 

proportion of users who accessed a website in the moved 

user group is shown in Table 5(a), from which the ratio of 

𝑃𝑚,𝑛 (n <0) to 𝑃𝑚,1 is calculated in Table 5(b).  

 

Table 5. (a) The proportion of users who accessed a 

website in the moved user group 𝑃𝑚,𝑛 

 𝑇−5 𝑇−4 𝑇−3 𝑇−2 𝑇−1 𝑇0 𝑇1 

web1  0 0 0 0 0.004  0 0 

web2  0 0 0 0 0 0 0.004 

web3  0 0 0 0.004  0.008  0.008  0.004  

web4  0 0.005  0 0 0 0 0 

web5  0 0 0 0 0.004  0 0.004  

… 

(b) The ratio of 𝑃𝑚,𝑛 (n <0) to 𝑃𝑚,1 

 𝑇−5 𝑇−4 𝑇−3 𝑇−2 𝑇−1 

web1  0 0 0 0 ∞ 

web2  0 0 0 0 0 

web3  0 0 0 1 2 

web4  0 ∞ 0 0 0 

web5  0 0 0 0 1 

… 

 

The ratios in Table 5(b) are checked from 𝑇−1 to 𝑇−5 

to obtain the sets of the relate websites for Type A, i.e., 

                                                                 
1 The data of the (N+1)t h month is only used for 

obtaining the related website set 𝑨. 

𝑨−1,𝑨−2, 𝑨−3, 𝑨−4, 𝑨−5. For example, in the time window 

𝑇−1 , 𝑃1,−1 𝑃1,1⁄ = ∞ ≥ 𝛾1 = 2  and 𝑃3,−1 𝑃3,1⁄ = 2 ≥ 𝛾1 = 2 , 

website1 and website3 are inserted into 𝑨−1. In our data 

set, the cardinalities of the obtained 𝑨−1,𝑨−2, 𝑨−3, 𝑨−4, 𝑨−5 

are all larger than or equal to 𝛾2 = 1. Thus, s equals to the 

predefined minimum value -6, and s+1=-5 is regarded as 

the start point of accessing the house moving related 

websites. 𝑨 = 𝑨−5 ∪ 𝑨−4 ∪ 𝑨−3 ∪ 𝑨−2 ∪ 𝑨−1  is utilized to 

obtain the total related websites for Type A. 

Next, the proportion of users who accessed a website in 

the unmoved user group from 𝑇𝑠+1 ( 𝑇−5 ) to 𝑇−1  is 

calculated as Table 6(a),  and thus the ratio of 𝑃𝑚,𝑛  to 

𝑃′𝑚,𝑛 can be obtained as Table 6(b).  

 

Table 6. (a) The proportion of users who accessed a 

website in the unmoved user group 𝑃′𝑚,𝑛 

 𝑇−5 𝑇−4 𝑇−3 𝑇−2 𝑇−1 

web1  0.0002  0.0002  0.0011  0.0021  0.0029  

web2 0.0004  0.0008  0.0012  0.0013  0.0014  

web3  0.0014  0.0015  0.0021  0.0024  0.0032  

web4  0.0000  0.0000  0.0000  0.0000  0.0000  

web5  0.0001  0.0002  0.0003  0.0007  0.0009  

…. 

(b) The ratio of 𝑃𝑚,𝑛 to 𝑃′𝑚,𝑛 

 𝑇−5 𝑇−4 𝑇−3 𝑇−2 𝑇−1 

web1  0 0 0 0 1.38  

web2  0 0 0 0 0 

web3  0 0 0 1.67  2.5 

web4  0 ∞ 0 0 0 

web5  0 0 0 0 4.44  

… 

 

The ratios are also checked from 𝑇−1 to 𝑇−5 (or from 

𝑇−5  to 𝑇−1 ). For example, in the time window 𝑇−1 , 

𝑃3,−1 𝑃′3,−1⁄ = 0.008 0.0032⁄ = 2.5 ≥ 𝛾1 = 2 , 𝑃5,−1 𝑃′5,−1⁄ =

0.004 0.0009⁄ = 4.44 ≥ 𝛾1 = 2, thus website3 and website5 

are inserted into 𝑩−1 , and so on. Finally, 𝑩 = 𝑩𝑠+1 ∪

𝑩𝑠+2 ∪ … ∪ 𝑩−2 ∪ 𝑩−1  is calculated to obtain the total 

related websites for Type B. The final sets of the related 

websites by different combinations of 𝑨 and 𝑩 (only 𝑨, 

only 𝑩, 𝑨 ∪ 𝑩 and 𝑨 ∩ 𝑩) are adopted in our experiments 

later. 

3.3 Prediction model development and evaluation  

The proportion of records accessing related websites to 

all the records per user, 𝑝𝑖,𝑛, is calculated for both the 

training data and the test data, which is shown in Table 

7(a) (𝑨 ∪ 𝑩 is adopted here as an example). Based on the 

table of 𝑝𝑖,𝑛, the features for developing the prediction 

model are obtained by 𝐹𝑖,𝑛 = 𝑝𝑖,𝑛 − 𝑝𝑖,𝑛−1 in Table 7(b). 

After attaching the labels, the prediction model is 

developed by using logistic regression classifier. The 



 

 

threshold for predicting whether an example is positive or 

negative is adjusted to maximum the mean precision, when 

further splitting the training data into 10 parts and treating 

each part as the validation set.  The random guess method 

is adopted as the baseline like [5]. Fig 2 illustrates the 

performance (precision and recall)  improvement of our 

developed model for 𝛾1 = 2  and 𝛾1 = 10  respectively 

(𝛾2 = 1), where different combinations of 𝑨 and 𝑩 (only 

𝑨, only 𝑩, 𝑨 ∪ 𝑩 and 𝑨 ∩ 𝑩) are considered.  

 

Table 7. (a) The proportion of records accessing related 

websites to all the records per user  

 𝑇−6 𝑇−5 𝑇−4 𝑇−3 𝑇−2 𝑇−1 

Training data  

user1  0 0 0 0.279  0.362  0.428 

user2  0.514  0.509  0.71  0.325  0.442  0.469  

user3  0 0 0 0 0 0 

… 

Test data 

user1 0.154  0.893  0.111  0.143  0.68  0.8 

user2  0 0.313  0.267  0.26  0.001  0.044  

… 

(b) Features (fluctuations) and labels for developing the 

prediction model  

 Features  label 

𝑇−5 𝑇−4 𝑇−3 𝑇−2 𝑇−1 

Training data  

user1  0 0 0.279  0.083  0.066  0 

user2  -0.005  0.201  -0.385  0.117  0.027  1 

user3  0 0 0 0 0 0 

… 

Test data 

user1 0.739  -0.782  0.032  0.537  0.12  ? 

user2 0.313  -0.046  -0.007  -0.259  0.043  ? 

…. 

 

From the results, we can observe that by using the 

following parameters, both the precision and recall of our 

developed model are higher than that of the random guess.  

(1) 𝛾1 = 2, 𝑨 ∪ 𝑩 (Precision: +114%, Recall: +67%) 

(2) 𝛾1 = 10, only 𝑩 (Precision: +339%, Recall: +107%)  

(3) 𝛾1 = 10, 𝑨 ∩ 𝑩 (Precision: +649%, Recall: +187%)  

  The performance of 𝛾1 = 10 is generally better than that 

of 𝛾1 = 2, since more-related websites are specified as 𝛾1 

increasing. Considering 𝛾1 = 1 0, 𝑨 ∩ 𝑩  achieves both 

higher precision and recall than only 𝑩, probably because 

the intersection of sets also specifies more -related 

websites. However, the performance of only 𝑨 is very 

worse here, mainly due to the limited number of moved 

users in the data set.  

4. Conclusions 

A life event prediction scheme based on the fluctuation 

of users’ web access is proposed in this paper. First, the 

life event related websites are specified by using two 

types of statistical difference: the statistical difference of 

the experienced users during and not during the life 

events; the statistical difference between the experienced 

users and the unexperienced users. Especially, the 

backward method is adopted by us for the first type. Then, 

the prediction model based on users’ fluctuation of 

accessing these related websites is developed with the 

logistic regression classifier.  The 10-fold cross validation 

proves that our developed model is able to  achieve higher 

precision and recall simultaneously than the random guess, 

which may significantly reduce the cost and improve the 

efficiency of advertising for the industrial applications 

with a large number of users.  The further performance 

improvement through searching the optimum parameters 

(𝛾1 , 𝛾2 , 𝑠𝑚𝑖𝑛) and machine learning model, as well as 

more evaluation metrics (f1 socre, pr-auc score, etc.) will 

be considered afterwards.  

 

 

 

Fig 2. Performance (precision and recall) improvement of 

our developed model compared to the random guess.  
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