Market Basket Analysis
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Have you heard about the story of

“diaper and beer”?
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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.
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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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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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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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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

10
support(pizza, soda) = ST 0.05.
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support(pizza, soda) = ST 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.

support(Xand Y)

confidence(X — Y) = ——
uppor

Equivalently, confidence(X — Y) measures how likely a
consumer purchases Y given that the consumer already
purchases X.
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Metrics

Note that confidence(X — Y) is not always equal to
confidence(Y — X), for instance:

confidence(MBA — Bachelor) = 1: If a person has an MBA
degree, he/she must also have a bachelor degree.

confidence(Bachelor — MBA) = 0.05: If a person has a
bachelor degree, with probability 5% he or she also has an
MBA degree.
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Metrics

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

support(Xand Y')

lift(X - Y) = :
(X = ¥) support(X) x support(Y)

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.

19



FERTRPR

— AN E B ey, TR EE(lift), 7 A = i A B I SE R0 45
AN SE 2 ] Y 5% &R .

support(Xand Y')
support(X) x support(Y)

lift(X = Y) =

24 Lift T 1 I, RasiX W 2H > i 3 AT REARE[R] I I SE o T 3K
AR, T 73X A 207 it A ML 0 ) I ) K

20



First, we load data of consumer purchase information.

(arules)

(arulesViz)
mydata = readLines("https://ximarketing.github.io/data/basket.txt")
head (mydata)

"01 23456789 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 "
"30 31 32 "
"33 34 35 "

"36 37 38 39 40 41 42 43 44 45 46 "
38 39 47 48 "
"38 39 48 49 50 51 52 53 54 55 56 57 58 "

The second consumer has bought products number
30, 31, and 32 during at one occasion.
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(arules)

(arulesViz)
mydata = readLines("https://ximarketing.github.io/data/basket.txt")
head (mydata)

"01 23456789 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 "
"30 31 32 "
"33 34 35 "

"36 37 38 39 40 41 42 43 44 45 46 "
38 39 47 48 "
"38 39 48 49 50 51 52 53 54 55 56 57 58 "
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mydata = strsplit( ;")
transactions <- as( , 'transactions")
summary ( )

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

most frequent items:

39 48 38 32 41 (other)
50675 42135 15596 15167 14945 770058

These are the most popular items in the transaction
records.
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mydata = strsplit( ;")
transactions <- as( , 'transactions")
summary ( )
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most frequent items:
39 48 38 32 41 (other)
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rules <- apriori(transactions,
parameter= list(supp=0.001, conf=0.4))
inspect(sort(rules, by="1ift"))
This line allows us to create the association rules
{A} — {B}, 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.
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rules <- apriori(transactions,
parameter= list(supp=0.001, conf=0.4))
inspect(sort(rules, by="1ift"))
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support confidence coverage Tift count
.001032191 0.5833333 .001769470 338. 91
.001032191 0.5986842 .001724099 338. 91
.001088905 0.9056604 .001202332 318. 96
.001417844 0.7062147 .002007668 305. 125
.001417844 0.6127451 .002313922 305. 125
.8275862 .001315760 302. 96
. 7741935 .001406502 302. 96
.8435374 .001667385 296. 124
.8421053 .001293074 295. 96
.6764706 .001542615 292. 92

.001088905
.001406502
.001088905
.001043533

OO 00000000
OO 000000 OO0

0
0
0
0
0
0.001088905
0
0
0
0

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?"



support confidence coverage Tift count
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plot(rules , method="

We can further
visualize the rules we
have detected. You will
get something like this
(it varies with different
for the system):

graph", control= list(type="items"))
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plot(rules , method="graph", control= list(type="items"))
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@

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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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="1ift"))
plot(rules , method="graph", control= list(type="items"))
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A Stock Example —/~ Bz 22 /) f5i] -1

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.”
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A Stock Example —AN B2 [ 5]+

I don’t have the information about individual stock
holdings, but I can access the holdings of mutual funds.
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You can access the funds information here.
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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.
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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="1lift"))
plot(rules , method="graph", control= list(type="items"))




THRiT

RIBRT

fTEEE-W

TObRIT

EIEE {ZE54ERY

B3R
FHh
) ST
L]
PR
ERE
TR o
HRIFAA
" : P
Al .
. ¥ireh iU
Y omEPx  EERH
APRT
BIES
FEiEE

S

lift

200
175
15.0
125

100
75

support
* 0010
® 0015
® 0020
@ o025
@ o020
& oo




[1]
2]
[3]
[4]
(5]
(6]
(7]
(8]
9]
[10]
[11]
[12]
[13]
[14]
[15]
[16]
[17]
(18]
[19]

Ths

{FEF¥Z,
{HEFEZ,
{PARTT,
{1,
{TE¥Z,
{ErhBEl,
{PWERTT,
{TERT,
{T&EET,
{{BBRT,
{PWRTT,
{TEFRT}
{RUERTT}
{{z5H8e,
{T=ET,
{T&EET,
{T&EIT,
{AFERE}
{FRBEIT

BEIRIT,
BERT}
BEIRIT,
FECEEIR}
AMFaT
FRL-U}
aMFal
BERIT,
EHEH,
"aMNFaY
BERT}

TR
AERT,
alzFa,

BEIRIT,

AM>Fal

AM>Fal

AMN=za,
AMFa,

EHEH,
w1ET}
LT}

LB}
LD}

confidence coverage

rhs
= {HWIRTT}
=> {HWIRTT}
= {FEFZ}
=> {125k
=> {HWERTT}
= {5}
= {PE¥FZL}
{PEFEZ}
{TEFZL}
=> {HWIRTT}
= {FEFZL}
= {RWFET}
=> {PEET}
=> {fH%EBIR}
= {FEFZ}
= {PE¥%L}
= {FEFZ}
=> {PFrBal}
= {EFEE?}

support
0.01065217 0.4827586 0.02206522
0.01163043 0.3780919 0.03076087
0.01065217 0.9158879 0.01163043
0.01119565 0.3259494 0.03434783
0.01195652 0.3606557 0.03315217
0.01032609 0.8260870 0.01250000
0.01195652 0.8396947 0.01423913
0.01119565 0.8240000 0.01358696
0.01195652 0.8088235 0.01478261
0.01163043 0.3203593 0.03630435
0.01163043 0.7867647 0.01478261
0.01130435 0.5333333 0.02119565
0.01130435 0.2708333 0.04173913
0.01119565 0.5919540 0.01891304
0.01336957 0.7592593 0.01760870
0.01369565 0.7500000 0.01826087
0.01184783 0.7364865 0.01608696
0.01173913 0.7105263 0.01652174
0.01173913 0.2022472 0.05804348




If an investor holds CCB stock, what else will she/he
consider?
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rules <- apriori(transactions, parameter = list(supp = 0.001,
conf = 0.01))

A <- "ERIRIT"

rules A <- subset(rules, lhs %pin% A)

top rules <- head(sort(rules A, by = "confidence"), 20)
inspect (top rules)
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0.001521739
- 0.001304
- 0.001304348
0.001304348
), D01086957

1. 001304348

1. 001304348

1. 001304348

1. 001304348

), D01086957

), D01086957

1. 001304348

1. 001413043

; T 1. 001630435

LFTE_.FE. W, i £H 5 B L == {3 ] 0. 001086957
FEMME-w, ! ; E L E; BT 0.001521739
{MEDE-w, #Bi%ik o } ). 001086957
(MEEE-w, 2R 73 = {1k ). 001413043
FIEEE-w, : -1 ERERT 0.001521739
(HHBE ., BRAT, TERE] = (ZMEF] 0.001195652

0.001521739 16. 576577 14
0.001304348 44, B7E049 12
0.001304348 11.825193 12
0.001304348 6.637807 12
0. 0010865957 47.179487 10
L01304348 16. 576577 12
01304348 .825193 12
01304348 47179487 12
01304348 16. 576577 12
01086557 16. 576577 10
0108957 L825193 14
L001304348 LS7RSTT 12
L01413043 23.958333 13
.001630435 16.576577 15
Q. 001086957 ..ETﬂdlﬂ 10
Q. 00152 ) 637807 14
7BOY 10
JBOY 13
JBOY 14
ol305s 11

1
348 1
348 1
1
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:
:
:
:
:
:
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rules <- apriori(transactions, parameter = list(supp
conf = 0.01))
A <- "EIRERAT

rules A <- subset(rules, rhs %pin% A)
top rules <- head(sort(rules A, by =
inspect(top_ rules)

"confidence"),

20)

0.001,



ro0. 001304348 0. 7500000 0,001739130
T 0.001304348 ©. 7500000 0.001739130
T 0.001304348 ©. 7500000 0.001739130
T 0.001304348 0. *LDDDDD 0.001739130
- 0.001304348 0. 0.001739130 22 7
i 0. 001521739 D 0. 002065217 22.-
0. 301195652 D.- 0., 001630435 22
T 0001086957 O, 7142857 0.001521739 21.
T 0001086957 O, 7142857 0.0015 1“9 21.
T 0. 001086957 0. 7142857 . . 21.
T 0001086957 O, 7142857 0.00152 21.7
- 0. 001086957 0.7142857 0.001521739 21.739%;
001086957 0.7142837 0.00152 l?lﬂ 21.754970
001086957 0.7142857 0.0015 21.75970
001086957 0.7142857 0.0015 ) 21.75970
001086957 0. 714 7 0.0015 21.75970
001086957 0. 714 7 0.0015 1?39 21.75970
- 0.001086957 0. 714 0.001521739 21.75970
T} 0.001086957 0.7142857 0.001521739 21.75970 10
Tt 0,001086957 0,7142857 0.001521739 21.75970 10
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rules <- apriori(transactions, parameter = list(supp = 0.001, conf = 0.01))
A <- "EEIRHRAT"

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]
[6]
[7]
[8]
[9]
[1e]
[11]
[12]
[13]
[14]
[15]
[16]
[17]
[18]
[19]
[2e]

(LCFIER Y

=> {Ei%IR1T} 0.002173913 ©.3636364

{ZId77} => {EERIR{T} ©.001086957 0.3225806
{FERIT} => {FEiRIR{T} ©.006413043 0.3025641
SRR} => {FEIZR1T) 0.001413043 ©.2708333
{PEGHES} => {FEiRIR{T} ©.001086957 ©.2702703
{I&RI1T} => {EIZiR1T) 0.015652174 ©.2594595
{H{ER17} => {FEiRIR{T} ©.001739130 ©.2580645
{AMV5RITY => {FEiZR{T} ©.010326087 ©.2473958
{PEASR1TY => {FEi%iR{T} ©.001304348 0.2400000
{HEAH} => {#Ei%iR{T} ©.003586957 ©.2200000
{HEE [EfR ) => {EIZiR1T) 0.001195652 ©.2037037
{HEFEEIR} => {EEIZiR1T) 0.004673913 ©.1945701

{(ERARNEWRITY => {EigiRE{T) 0.001304348 0.1690141

{ZZiEBRIT} => {FEiZiR{T} ©.002500000 0.1554054
{PE#HE} => {Ei%iR1T)} ©.008804348 ©.1525424
{HRfiESR T} => {FEiRiR{T} ©.001847826 ©.1504425
{hEHEBE} => {EEi%iR{T)} 0.003043478 ©.1365854
{ESIRA} => {{i%iR17} 0.001195652 ©.1358025
{EBIREEIR)} => {EEIZIR1T) 0.001521739 ©.1296296
{FHPEEL} => {Ei%iR1{7} 0.001195652 ©.1294118

8.085978261
8.0083369565
©.021195652
8.0085217391
©.004021739
©.060326087
0.006739130
8.041739138
©.0085434783
0.016304348
8.085869565
©.024021739
2.887717391
0.016086957
©.057717391
0.0122826089
0.022282609
©.008804348
8.011739138@
8.0089239130

11.877664
9.826960
9.217185
8.250552
8.233399
. 904063
. 861568
.536562
.311258
. 701987
.285543
.927302
5.148773
. 734204
. 646986
.583016
.160879
.137029
.948982
.942345
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n o =~~~

wwahapppap

20
1@
59
13
10
144
16
95
12
33
11
43
12
23
81
17
28
11
14
11




Conditional Logit Model and
Conjoint Analysis
A Logit iR RUHIER & /0 A



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.

48



7E£ multinomial logit model #&Y, —/~ A\ M\ JLAN 18351 H i HY
PEPE. XA EFERHET XA NI NRRIE 1T A A2 X 2858 T )
RRAE, Ban, iR T XA N, MRS NRHIE.

7E conditional logit model #&Y, —A~ A M\ JLAN 18I0 H 4 H 158
o XA TEEEENPE T 1X AN L8 I B AREAE T AN 23X A~ N AR o
@, EEEETXAEINNE, RE, Bt

49



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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TH T =AUk P e —A, A, B, 1 C.
1 SRR T A AR, e, RS EERE, A
A TERE R I & multinomial logit model.
2. MR EPEE T B NEMMNE, R, kE%E, BaFk
TR AL conditional logit model.
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install.packages("survival")

(survival)

(stargazer)
mydata = read.csv("https://ximarketing.github.io/data/conjoint.csv")
head (mydata)

id interest downpayment rebate speed choice
.75 40 .15
.00 25 .15
.75 25 .00

.50 20 .10
.75 25 .30
.75 20 .30




Consumer 1 (id = 1) chooses between three offers:

.75
.00
.75

.50
.75
.75

40
25
25
20
25
20

id interest downpayment rebate speed choice
.15
.15
.00
.10
.30
.30

Interest Down Rebate Speed Choice
Rate Payment (Months)
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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id interest downpayment rebate speed choice
.15 0.5
.15
.00
.10
.30
.30

P (id = 1) T =35 TR mp i e

.75
.00
.75

.50
.75
.75

40
25
25
20
25
20

A= EH I B G [ B v
(H )

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)

coef exp(coef) se(coef) z Pr(>|z])
-1.185055 0.305729 0.097289 -12.181 < 2e-16 **%*
downpayment -0.052922 0.948454 0.002336 -22.652 < 2e-16 *%%*

rebate 0.177522 1.194254 0.149303 1.189 0.23444
speed -0.117274 0.889341 0.039587 -2.962 0.00305 **




interest

downpayment

rebate

speed

Observations
2
R~

Max. Possible

Log Likelihood

Wald Test
LR Test

stargazer(result, type="html",

Dependent variable:
choice
-1.185™"
(0.097)
-0.053™
(0.002)

0.178
(0.149)

0.117°"
(0.040)

18,000
0.039

RZ 0.519

-6,237.584

643.940"™" (df = 4)
(df=4)

+

708.180

Score (Logrank) Test ~ 679.185" " (df =4)

Note:

*p<0.1: **p<0.05; "**p<0.01

out="result.html")

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.

LA I, E A, S A A
KESOLT . P R A R A
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coef exp(coef) se(coef) z Pr(>|z|)
-1.185055 0.305729 0.097289 -12.181 < 2e-16 **¥*
downpayment -0.052922 0.948454 0.002336 -22.652 < 2e-16 *%%*

rebate 0.177522 1.194254 0.149303 1.189 0.23444
speed -0.117274 0.889341 0.039587 -2.962 0.00305 **

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.

FI R 250 2-1. 1851 BF LI Ja] & 85042:-0.1172. A 250.1172/1.185=0.098,
X 15 BH B HERT A BE m—AN A B4R AR 24 T8 22 _Ej5K0.098 %y >R B AR AT o
W) gD, — H B R HER R0 T 1E 2 B 1E 2 0.098 % 1 F1) 2.,
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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.

58



A

BRE T 2 BCEMS I — A TR, JUHGE T H 55 3
BHIA = o LEFRA TR AR R IETERRE M 2 7 $2 By i)
R, HPSNTTREA I B : IR B Bla B
I EAZ R 1]

59



Conjoint Analysis

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

Interest Rate Down Rebate Review Time
Payment
3.75% 40% 0.15% 0.5
4.00% 25% 0.15% 1.0
3.75% 25% 0% 1.0

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




W, BEIEAFRBAS,

TR 3 E NSRBI DL B Ak U7 S8 v BEA 7 e

A

KA T B <z [m] g AL ]
3.75% 40% 0.15% 0.5
4.00% 25% 0.15% 1.0
3.75% 25% 0% 1.0

XFARIRTIE S, S E AR g, F

FLEA TR T




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:

downpayment

rebate
speed

se(coef)
0.097289
0.002336
0.149303
0.039587

coef exp(coef)
-1.185055 0.305729
-0.052922 0.948454
0.177522 1.194254
-0.117274 0.889341

z Pr(>|z]|)

-12.181
-22.652
1.189
-2.962

< 2e-16 ¥
< 2e-16 ¥¥¥

0.23444

0.00305 **
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filan, EX%r6,00044 8 E HATIAE, FAHETEEIN Gk
TTRP TR Ra . BREdE A\ 2] Conditional Logit
BRI, JFRIB LI 4521

coef exp(coef) se(coef) z Pr(>|z|)
-1.185055 0.305729 0.097289 -12.181 < 2e-16 **¥*
downpayment -0.052922 0.948454 0.002336 -22.652 < 2e-16 *%*

rebate 0.177522 1.194254 0.149303 1.189 0.23444
speed -0.117274 0.889341 0.039587 -2.962 0.00305 **




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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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"]

interestl <- 3.85; downpaymentl <- 30; rebatel <- 0.1l; speedl <- 1
interest2 <- 4.25; downpayment2 <- 25; rebate2 <- 0.25; speed2 <- 0.5

dl <- exp(interestl * coef interest + downpaymentl * coef downpayment +
rebatel * coef rebate + speedl * coef speed)

d2 <- exp(interest2 * coef interest + downpayment2 * coef downpayment +
rebate2 * coef rebate + speed2 * coef speed)

sl <- dl1/(d1+d2)

s2 <- d2/(d1+d2)
print(c(sl, s2))




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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Selection Bias
R 2



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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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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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 thev predict will not repav.
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Relationship Between Height and Slowness of NBA Players
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Relationship Between Height and Vertical Leap of NBA Players
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Uber charges more from users if their phone
battery is low, report claims

According to a small study by the Belgian newspaper Derniere Heure, Uber charged 6 per
cent more for a journey made on a smartphone with only 12 per cent of battery remaining
compared to the same journey.
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