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Abstract

In current academic, policy and industry debates there is significant emphasis on the importance of
enhancing the level of flexibility of electricity demand. Flexibility is considered critical in order to
improve balancing with renewables, reduce costslettricity generation and make the most of smart

systems and battery storage. There remain questions around how flexibility is delivered, and which
portions of demand will take part in different aspects of flexibility mark€kse aim of the paper is to

identify activities in the home for which people may either gain or lose following the introduction of

Time of UseToV tariffs. It uses 20142015 UK Time Use Survey data to cluster households in terms

of similarities in activities at peak time and ider§if Z}pe Z}o « ](( & vSoC (( § C d}l
across several socibemographic parameteré.e. work status, income, family structurdjindings

show that sociodemographic distribution did not demonstrateya2 |Pv]. vS }u]v vS %% E u S
Instead, clustring based on similarities in the timing of activities pes/ideddistinctive pattens and

can shed light orgroups of people who might be either advantaged or disadvantaged tram

introduction of ToU tariffs
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1. Introduction

In current academic, policy and industry debates there is significant emphasis on the importance of
enhancing the level of flexibilitgf electricity demand. Flexibility is considered critical in order to
improwve balancing with renewablesedua costs oklectricity generatiorand make the most of smart
systems and battery storag@&@he monetary value of flexibility (that is the value of the potential to
shift loads in time) plays an important role in explaining the market interest in this area and the
expanding emphasis on the feasibility of different forms of intervention. For instance, the value of the
technical potential of the flexibility market was estimated at around £8 billion per jain this
context, understanding how peaks are constituted, what demands are flexible, and what scope there
is for effective load shifting becomes not orital for the balancing of electricity demand and supply

but also as a new form of market opportunity.

Provided that flexibility yields significant benefits for the balancing of the electricity grid and the
reduction of system costs, there remain questiar®und how flexibility igdelivered,and which
portions of demand will take part in different aspects of flexibility markets. Historically, commercial
and industrial enelisers have been participating in demand side flexibility incentives through Demand
Sde Response programmes. In the future, it is expected that dynamic tariffs will be extended to
significant portions of the residential sectdro this end Time of Us€ToU)tariffs are expected to

! Correspondinguthor



gradually replace flat tariffs and some provisicfa instance through the half hourly settlement
reform in the UK2]- have already been made in this regapdevious studiepose questionsegardng
which effects these tariffs will have on residential consumers and whdevidlither advantaged or
disadvantagedrom such changes in pricing approachkss recognisedn recent studieghat the
delivery of flexibility may vary across the populatiaf residential consumers because the capital costs
of flexibility may be unaffordable to sonjg] Also, variations in how flexibility is delivered are due to
different attributes of practice$4]. The starting point of this paper is that flexibilityrough ToU
tariffs- may affect residential electricity consumers differently depending on the timing of activities.
Understanding how different socidemographic groups may financially win or gain from the
introduction of ToUtariffs depending on what they do at peak and-p#ak times is a policy imperative
which may shape regulation concerned with the distributional effects of flexibility. In addition to
identifying sociedemographic groups (in terms of income and household composition) by estimating
the peak to offpeak ratos of their energyelated activities, this paper will cluster households based
on similaritiesin time use activities during peaks. This will shed light on the extent to which certain
activities mostly take place at peak time and will be more negataiédcted byToUtariffs.

The aim of the paper is tmentify activitiesin the homefor which peoplemay either gain or lose
financiallyfollowing the introduction of ToUtariffs. It uses20142015UK Time Us&urvey data to
cluster households by their energglated activities during the peak electricity demand periods,
cluster households in terms of similarities in activities at peak timdidentify households differently
affected byToUS E]++ (E }+30cioder@®gmphic parameters.

The paper reviews wonkhich analysedhe distributional effects oToUtariffs, research on flexibility
in terms ofdistributional effectsof ToUtariffs, flexibility of practices and time usé€Section 2)lt

describes the data utilised for the analysis as well as how clustering technicplé&riffs and gak

to off-peak ratic were developed (Section 3). Findings are presented in termboofkehold
composition, income grqas and clusters (Section 4). The paper concludes by discigsdhe

implications and limitations of this study (Section 5).

2. Time of Use tariffsdistributional effectsand time use activities

Time of Use tariffs are designed moitigate peaksin electricity demand and enable demasitle
flexibility. They are expected to reduce costs of the electricity system by preventing additional power
generation and transmission capacifjne massive adoption of ToU tariffs in the residential sector as
a form of implicit demaneside flexibilityraises questions arouriabth financialaffordability and tine
availability « }v %o } %etivitjes. The means for shifting electricity demand are not equal across
the population of residential userp]. Two distinct positions in the literature demonstrate how
residential capacity to respond to ToU tariffiay vary based on availability of income and tifRest,

the literature on energy justice interrogates how ToU will be afforded by different stmrimographic
groups in terms of flexibility capital. Second, existing configurations in terms of time of activities bring
about variations in how flexibility is delivered due to different attributes of practidémse two
positions are explained below.

2.1 Affording flexibilityand distributional effects of Time of Use tariffs

The disparities asstated with affording flexibility and ToU tariffsan be framedas part ofthe
literature onenergy justiceResearchn this contexthas often relied on ethical principl¢8], which
need to be reframed when discussing justice #edibility of both systemg7] and demand[8]. The
literature on energy justice has been expanding in recent y8ht®] and includes distributional
issues[11] mainly applied to resourceld2]. When applied to demandide flexibility, research on



energy justice has been associated wialge portions of consumetseing unable to owrsufficient
flexibility capital in order to benefit from rédime pricing[3]. This is because there are capital costs
associated with accessingctenologies which increase the volumes and hence levels of remuneration
associated with flexibility serviceshese include home batteries, solar panels, electric vehicles and
smart appliances.

Research on vulnerable consumers typically considers average energy consumption, whereas the
distributional impacts of ToU remain largely unexploredthis context, ToU effects are likely teary

for consumerswith different sociedemographic profiles Consumption during peak periods is
penalised with peak tarif The combination of being unable to afford higher prices of electricity and

a high ratio of electricity consumption during peak periods wgederatea highly negative economic
effect.

Changes in tariffs can trigger both positive and negative effectslifferent sociedemographic
PE}u% X }vepu Ee[ Z AJ}JUE 0 E *%}ve « 8} d}h % E] JvP A E 3]
attempted to assess bilevel effects of such tariffd.3]. There are consumers in all groups that would

be disadvantaged because of ToU adoptionté® o ]5 }voC u EP]Jv ooCX dZ <Spu C[e &
most sociedemographic categories, apart from higher income groups, could on average be associated

with lower bills thanks to the introduction of ToU. An earlier UK study points to limited financia

effects for most socimlemographic groupsHowever, according to the same study some socio
demographic groups would see energy bill increases in the order of 20%. With regards to specific
lower-income groups and vuémable consumers, there is a lack of studies investigating the
relationship between ToU and distributional effec{d4]. Furthermore, soci@emographic

parameters and ToU tariffs do not generate a statistically significant relatiofidiifiL6] This can be

partly attributed to the fact that the information collected on electricity consumption based on smart

meter data does not provide much detail on sediemographic parameterfd 7].

Higher volumes of demand across sedga@mographic groups (mainly relating to household size) can
help explain some of the effects in any change in tariffs. In addition to house type, house size, and
houseage, other soci@memographic characteristics such as age, income, education and household
size are seldom taken into account in studies on the effects of T®]UA Belgian study finds that age
matters in the choice of flexible technologif®)]. Existing reviews of U.S. studies show that lower
income groups feature lower savings peak reduction than other gr{2i{js

2.2 Flexibility opractices anditne useThe extent to whichiesidentialdemand ca provide flexibility
is relatedto time availabilityand %o } %00 [+  $heké &s]a growintiterature studying flexibilityin
terms of time of activitieand sociapracticesln this brief review, the emphasis is tmo approaches
in existingempirical studies which operationaliiee timing of activities in relation téiexibility.

First, studiedbased orthe flexible attributes of practiceggroupenergyrelated practices according to
the flexibility they can provide.For instance,ighting, heating and cooling of spadeslong toone
group as theyrelate to comfort[21](Seasonalityaffects the daily rhythms of lighting and heating,
which are otherwise highly inflexiblén [4] cooking eating and leisure activitiesan be clustered
together. Food and entgainment also play an important role in shaping and maintaining social bonds
between members of a household. That makes the timing of food and entertainment praatices
matter of (often complex) coordinain between household members fir§the grouping of activities
through networks has also been used to infer flexibilj2]. Electricity intensive forms of
entertainment like watching TV and video gaming are two more examples of inflpralaiéces during
which people relax and are typically less reflexive of energy isBi@sestic cleaningepresents a
separate category gbracticesmost commonly associated with running a househdd Domestic
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cleaningpractices, such as laundering, are relatively flexible in ti2&]. Smale et alin [21] group
practicesin relation to appliances involved and issues around time the distinctions made aliuge.
showsthat timing is critical for lighting, heating and cooling spaces; cooking, eating and leisure
activities are time critical, wheess domestic cleaning is nséen agime critical.

Scond, studies focusig on the timing of energy demarshed light on flexibility based owhen
activitiestake place Conceptualisinglexibility as an outcome fosequencingand synchronisation of
social practicemeans focusing on the social rhythms and the timing of what peop|24]oFlexibility

can only be understood thougmore detailed and disaggregated insights into pracieedenergy
rhythms[25]. Thisfocuson the timing of practices epitomisedby time useresearchexplaining what
constitutes electricity demand at different periods of the d2§]. Asan empiricabpproach time use
studies have developed occupancy models from time use data with a view to develop electricity
demand profileg27] t{29]. Historical time use survey data reveals evolving demand traces of
flexibility [30]. However, previous time use studies have not focused on which activities take place in
correspondence with peak and gfeak ToU tariffs.

3. Methodology

The methodological approach of this papemprisedour mainsteps.First,time use activity data was
processedto obtain socicdemographic informatiorand derive energy related activitider each
household Second, householdsere clusteredaccording tosimilarities inenergyrelated activities
during peakperiods Third, the main socicdemographiccharacteristicsof every cluster were
identified and examinedrourth, forboth clusteis and soci@lemographic approachesge derive peak
to off-peak ratioswith a viewto identify which activities would be mostdvantaged or disadvantaged
from ToUpricing

3.1 Data

Activity and so@-demographicdata were derived fromthe 20142015 UK Time Use Survey
(UKTUS$31], which consists of about6,000 activities and represents a nationally representative
source of information for time use activitiek addition to anactivity dairy the UKTUS includes a
household survey witlllata onincome of residents their occupation, employment statysut also
household stucture and age of householderActivities (based on 270 individual activity codes) and
location were recordedvith a time granularity ofl0 minutes. We groupedactivity codesn terms of
their links with electricitydemand Since UKTUS provides déta up to four simultaneous activities,
primary, secondary, tertiary and quaternary energy related activitiesagh household were added
to derive a %o (E }ofoactivities TZ v EPC E o sSwerdn@malsed. With regards to
sododemographiaata, this consists ofi) number of children in the househaldi) overall incomeof
the householgl (i) E * % }v vS@#Hf) @ %o} v empleyment status(v)number of residents in
full-time education (vi)household type (vii) number of rooms and (vii) property type

3.2 Clustering

For each householdre clustered normalised weekday energy related activaigslyingthe k-medoid
method. This is based dhe kmeans clustering algorithmwhere instead ofhe mean thecentroid is
selected in eacleluster. Hence, we luster byappraisng the similarityacross households @iverage
energy related activitieen weekdays between 4PM and 8PIM practice, suchisilarity iscalculated
based orEuclidean distancketween average energy related activitidhe Euclidean distance means
thatthe sppu }( ]+ E v « 3A v Z %atEdoid %o G Jpro¥ides the clustersThe
resultingnumber of clustergi.e. 20)maintairs a satisfactorycluster population size anenablesan
acceptablggroupvariety n terms ofnumber ofenergyrelated activities atlifferent times of the day
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3.3 d & amd peak to ofpeak ratio

In order b decide which periods would count as peak andpefak a brief review ofl } h  § S ]the
UK literature was carried out, mairibased on two studieauthoredby Hledik et al[15]and the Centre
for Sustainable Enerd®2]. The timings and theariff levelsare illustrated in Figure.TThe focus of
our analysisson thetimings

The ypper graph in Figure 1 showsUtariffs as defined in the study by the Centre for Sustainable
Energy{32]. The first ToU representstwo-o A 0 § E]+ A]S3Z % | 3]evelpdBfrdm P %o %o 0 ]
4PMto 8PM The second tariff consists tifree priceswith (i) daily peak timefrom 4PMto 8PM (ii)

middle pricesbetween7AM and 4PM andfrom 8PM to 11PN and (iii) lower pricing applied at all

other times of the dayThe third tariff differs from the second ormecausethe highest and middle

price areonly appliedrom Monday to Friday (and naippliedto weekends)The lower graph in Figure

1 shows static ToU tariffs featuring [(bb] consists of peak time pricifigom 4PM to 8PM for every

day of the week.

Static ToUs and Flat tariffs: CSE
I ] ]

30 T T T ; i
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1 1 1 1 1 1 1 1 1 1 1
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Brattle-sToU

00:00 04:00 08:00 12:00 16:00 20:00 00:00 04:00 08:00 12:00 16:00 20:00
Figure 1Pricing and timings associated with different TSGUE ] + «

The main emphasis of these studies as well as other wotheoeffects ofToUtariffsison behavioual
impactsand how this triggerschangesin electricity demandConversely, our worlassume that
behavioual change associated witfoUis negligiblesincethe temporalities of everyday life carry on
because of the predominance of work and social commitments irrespective of changectdcdie
tariffs [33]. Hence, for this analysis it was derived from this brief review that peak time pricing is
applied daily (both weekday and weekend) between 4PM and 8PM.

The brief review of ToU tariffs enabled to separate peak periodsvéen 4PM and 8PM) from off
peak periods (f'm midnight to 4PM and from 8PM to midnight). Peak tofmgak ratios are calculated

in 10minute intervals to represent a high time granularity of which activities are penalised for
happening at peak time and wih activities are rewarded for happening-piéak.

4. Analysis of time use data
4.1 Household composition

Figure?2 illustratesthe probability ofactive occupancy, cookintaundry, TV watching andtoning
taking place at different times of theay during weekdays fot1 type of family structureyroadly
defined by number of adults (single couple, number of children (none, one, more tharo or with
children over 16)With regards to active occupancy, this is higher for retired cowgnesSingle retired
personsduring the day (ofpeak) and lower fosingle personandsingle parent¢l or more tharniwo,



but not with adult children)However, single householdsxhibit lowest occupancgluring peak.The
presenceof childrenacross al(including complexouseholddss associated witanincrease in active
occupancyn the periodprecedingpeak time

Households without children have lower levels of cooking around lunch time, but reach the highest
levelsof cooking in the evening, whereas retired couples have the most pronounced peaks in cooking
activities around all three traditional mealtimes. Single parents have a high asymmetry during the day,
with most cooking taking place in the evening. Retired ¢esipre associated with the highest level

of laundry during ofpeak periods (especially in the weekday mornings), while households without
children carry out high levels of laundrglated activity during evening peaks and single households
are associateavith very low laundry activity in the evenings.

Laundry activitiegre carried outmore frequently during the day by househsidith retired couples
andsingle parenhouseholdswvith two or morechildren.On the other handsingle parents with adult
children andccouples withtwo or morechildren are more likely than others tarry outlaundry activity
at the start ofthe peaktime period. TV watchindeaturesasimilar patternfor most of thehouseholds
with a varying degee of intensityat the end of the peakime period.The exceptionincluderetired
couples andcomplexfamilies who tend to wach TV more during the day
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Figure2: Probabilities by household composition associated with active occupancy, catwkitggaundry, TV
watchingand ironing(weekdays)

Figure3 provides a comparison of peak to qféak ratios by household composition. Single parent
households and househid without children are four times more likely to cook a meal during the
evening peak (i.e. between 4PM and 8PM) than during the rest of the day. Single households and
retired couples are the only household composition categories with peak-{oeafk ratos lower than

one in relation to ironing and laundry. Active occupancy presents peak 4oea¥ ratios which are

very similar across all household composition categories.
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Figure3: Comparison of peak to gfieak ratios by household composition (aetaccupancy, cooking, laundry,
TV and ironing)

4.2 Income groups

The UKTUS respondents were organised into six income groups to ensure different income ranges and
percentiles of UK income distribution are represented in the analysis. Table 1 shows ¢batperof
UK income distribution and ranges of the income groups.



| ™ | rwoma
Lowincome Bottom 20% <19
Lower middle income 20" - 415percentile 20-26
Middle income 427 t60™ percentile 27-35
Upper middle income 615 t 80" percentile 36-49
Highincome 80" t90" percentile 49-60
Very highincome Top 10% >60

Tablel: Income groups, percentile of UK income distribution and ranges

Figured4 showshow active occupancy, cooking and laungary by time of the day for three different
income groups during weekdays. During tiegy, the probability of active occupancy is on average
higher for the lowincome group and lower for thisigh-incomegroup and the same position holds at

the beginning of the evening peak (pink area in the graphs). However, as the evening progresses and
active occupancy reaches the highest probability level of the entire day (above 80%), there is no
distinction acoss income groups. The higicome group overtakes the other two income groups after
8PM (i.e. during the ofpeak period). Thactivity ofcooking is distinguished by the three meal periods

with lower levels for the lowwincome group and higher levels fibre middle-incomegroup during the
evening hours. The laundactivity featuresa significantly higlprobability for the low-incomegroup

during the morning.
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Figure4: Probabilities by income associated with active occupancy, codkimggry, ironing and TV waténg
(weekdays)

Figure5 compares peakand off-peak ratiosof active occupancy, cooking, laundry, TV and ironing by
incomegroups. Peak to offeak ratios lower than 1 (such as laundry and ironing fordleincome
group) consist of activities taking place mostly-ptfak. The graph shows how most activities for all
income groups are most likely to take place during peale ta® their peak to ofpeak ratio is higher
than 1. For instance, active occupancy has a very similar peak-peaif ratio across all income



groups. Cooking is associated with the highest peak to-paffik ratio due to the dominant
synchronisation of diners, with high income groups experiencing the maximum ratio.
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Figure5: Comparison of @ak to offpeak ratics by income (active occupancy, cooking, laundry, TV and ironing)
4.3 usters

Households were clustered on the basissohilarities of activities during evening peaksgure 2
shows the mean and standard deviation of energy related activities for the 20 clusters. The overall
trends in energy related activities resemble household electricity load profiles, with activéieg
increasingly reduced after midnight morning peaks starting at about 7AM and the highest levels during
the evening peak, which is represented by the red area in Fijure

3 Mean per cluster Cluster 1
.E 1.5 T T l/ T Cluster 2
b 7 7 P Cluster 3
© 1 ¥ o {1 \ Cluster 4
B A\ TR ~——— Cluster 5
- A" - Pt I~ i issm—

£0.5 — . Ve Vo 7 3 ‘ Cluster 6
[ S i~ T~ :g 2 Cluster 7
‘é 0 - - : z — = ‘Cluster 8
& 00:00 06:00 12:00 18:00 — — ‘Cluster 9
g Cluster 10
- Standard deviation per cluster — — ‘Cluster 11
g I = = Cluster 12
T 1 = = 'Cluster 13
° .|~ = 'Cluster 14
o |~-—- Cluster 15
Qos —-—- Cluster 16
2 Cluster 17
e —-—=Cluster 18
g 000‘00 06:00 12:00 8:00 —-==Cluster 19
=z . 1 ~-—- Cluster 20

Figure6W ope3 E+[ u v v 5 v E A] 8]}ve }6 v EPC & o0 § §1A]18]

For the majority of clusters evening peaks involve higher energy related activities which start to
decrease after 10PM. During periods of peak, the standard deviation is supposed to decline because
of the type of clustering implemented in our paper. Withe exception of cluster 20, standard
deviations present relatively constant levels during the day and are mostly high including during the
evening peakSome clusters feature very distinct characteristics. For instance, cluster 20 presents a
significanty distinct profile, with a higher number of energy related activities during the day compared
with other clusters, which generally range between 0.2 and 0.3.
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8| £ 18 L 8828 |3
Clster#f o | 2 | 2 | 2 |22/ Sz |eE|22| eS| 8L 22
21 3| 2| 3|25 36/232/39|22|32 5E
@) O 7) O | #0000 | O | O | & O0OG| 08
0 11 1 13 1 2 5 1 10 3 26 | 13
1 16 1 21 1 3 5 2 12 2 22 | 11
2 5 1 5 0 4 5 3 28 2 26 16
3 7 1 7 1 2 7 3 17 2 30 | 19
4 4 1 4 0 4 9 2 16 3 31 | 24
5 1 1 2 0 2 10 3 21 2 29 24
6 15 2 18 1 6 5 2 4 2 34 10
7 10 2 13 2 2 4 1 7 2 35 | 18
8 9 2 11 1 3 6 1 12 4 28 | 22
9 11 2 15 1 4 10 2 12 1 27 | 15
10 10 1 18 1 1 5 1 7 4 34 | 16
11 10 3 13 1 1 10 0 7 7 35 13
12 15 1 31 1 1 1 0 5 3 31 9
13 18 2 15 0 1 3 0 2 5 34 | 17
14 20 2 16 1 2 4 0 2 7 30 | 15
15 17 1 35 2 0 3 0 0 4 31 6
16 23 7 22 2 1 3 0 1 2 31 | 11
17 20 5 24 2 3 0 0 1 3 30 8
18 32 1 21 0 0 1 0 0 2 30 12
19 25 2 29 0 0 2 0 3 3 20 15
20 23 2 25 2 0 2 0 0 3 33 7

Table 1: Household compositiparcentagein each cluster

Table 1 shows percentages in terms of household compaosition in each cluster. These cairgige of
and couple variants ofdalts, retired aults andfamilies with childre (single child, more than two
children andchildren overl6), and complex householsl The reatmap coloursare arranged across
each type of household composition. Cluster 0 represents the entire survey salhpde.of the
clusters have a strong presence @fuplewith children over 16ranging from 2635% with exception

of cluster 19 (20%gnd cluster 1 (22%%¥ingle retired person households are predominant in clusters
15 (35%)and 19(29%) whist single norretired household$iave strongest representation in clusters
18 (32%)19 (25% and 20 (23%)n the context of larger familiespupleswith more than two children
have the strongest presence in clus2i(22%)and complex families are mainly in clusters 4 &nd
(24% each).

Figure7 shows the peak to ofpeak ratios ofactive occupancy;ooking, laundryTV watching and
ironing activities for the twenty clusters identified in terms of timing of peak activities in Section 4.1.
Cooking reaches the highest peak to-pé#ak ratio for cluster 15, whose households are five times
more likely to carry out cooking during peak peis than during the rest of the day. Cooking has
significantly high peak to offeak ratios alsdn relation toclusters 3 and 17. For all clusters cooking
and watching T\happens mostly during the evening peak. Laundry and ironing actiaiteesnore
variable across clusters, with instances in which they are more likely to take plgopeatfthan during
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peaks (e.qg. for clusters 7, 15 and 20) and others in which they are approximately as likely to take place
off-peak as during peaks (e.g. for clusters, 4.8 13).

Comparlson of peak-tlme and non-peak tlme actlwtles per cluster
T I T T

|-Actlve occupancy -Coooklng |:|Laundry -TV -Iromng‘

2]

L&)
]

~
T
|

w
T

N
T

Ratio of peak-time to non-peak time

o

1 2 3 4 5 6 7 11
Cluster

Figure7: Comparison of @ak to offpeak ratis by cluster (cooking, laundry and ironing)

The upper graph ifrigure8 shows thepeak to offpeak ratiosoff all clusteis for all energyelated
activities. In the same figure, the graphs below show dhtribution of the socicdemographic
parametersin terms ofcluster compositionlt is therefore possible to compare not only clusters in
terms of their peak to offpeak rdios, but also the icome group, age, number of residents
employment statusind number of roonsof each clusterCluster 11 experiences the highest peak to
off-peak ratio and, consequently, is likely to face the highest losses following the introdotiiov
tariffs.

Thesociocdemographic descriptioof cluster 11doesnot present any outstanding features. These are
households witHow to middle income middle-aged with two residents living in homesth four or

five rooms. It is unsurprising that households losing out the most from their activities at peak time are
concentrated in one cluster as the rationale for clustering based on similarity of activities at peak time
was designed to identifgroups of people who might be either advantaged or disadvantagech
higher tariffs at peak timeDespite having similar composition, cluster 7 is on the opposite spectrum
Clusters 3, 10 and 14 are also associated with high peak {pealf ration and wouldoke out
financially fromToUtariffs. With regards tahe sociodemographic parameters, cluster 3 consists of
relatively larger households, with 3 or more residents aighificantly higher incomeAll other
clusters have lower peak to giieak ratios and would gain froifoUtariffs. Cluster 20 is assotial

with the lowest peak to ofpeak ratio and would gain the most from tariffs charging more between
4PM and 8PM. It is the cluster wijtthe lowest number of roors, almost no childrenmainly single
residents older than residentsni cluster 11and relatively low income.

2In UKTUS, define as numberhafusehold uses for private purposgexcluding bathrooms and toilets).
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Figure8: Comparison of peak to gffeak ratios by cluster ardistribution ofsociedemographic parameters for
cluster composition (incongroup, age, humber of residentsumber of roomsemployment statuand number

of children. Clusters and corresponding ssdemographic informatiorn desendingorder ofproduct of peak

to off-peak ratiosof energy itensive activities.

5. Conclusion

~

Economicframings of d}h § @oF#e onmeasuringtheir + 3]A vineindudng behavioural
change and temporarily shifting consumption througlprice differentiation. According to tlese
framings, consurrers[ability and motivation to change consumption based on price sigraies
according toincome availabilityf34]. The extent to whichhis holds in different contexts has been
challenged by studies in whiahwn price elasticities show that the residential electricity demand
during peak and ofpeak periods is inelastj85] and Toldid not generatdhe expected impactf36].
Otherframingspositthat %o } %c@vefryday Wesandthe rhythmsof social practicemayor may na
always aligrwith ToU § (E [37Pand the alignment may depend on interactions among household
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members[38] and different uptakes of smart homg89]. Moreover, thenonalignmentof these
intersections raises eneygusticeissuesn relation to the affordability of tariff$40]. The emphasis
of our work is to analyse impacts of ToU tariffs in relation not only to stemographics but also
time of activities.These wereanalysed by socidemographic groupghousehold type and income)
andclustersbased on similarities in time use activities during peaks

The sciodemographiccharacteristicsin each cluster d not point to any «]Pv]. v8 }u]v v$§
parameter beingble toexplainthe shape or intensity of energylated activities during pegberiods

This means that income and household structure, for instaame notas powerful as activitpased
clusters indescribing changes in demand across the dagause regardless of soalemographic
parametersdifferent households might carry out very similar activities at peak time, experience the
same peak to ofpeak ratios and consequdy face equivalent financial losses or gains due to the
introduction of ToU tariffs. The activitybased clusters feature distinctive patterns in density and
timing of energyrelated activities in the morning. Clustering by activities represents a polwegey

to appraise groups of people who might be either advantaged or disadvantaged from the introduction
of ToU tariffsThishasconceptuaimplicationsfor framing flexibility and its effect@ypproaches which

do nottakeas starting pointgitherthe sccio-demographics of consumers thre flexible attributesof
practicesare better sited for understanding the complexities of demasidle flexibility Instead, the
results on clusteringf activities at peak timsuggest that the effects of ToU are better understoo
throughanalytical efforts to place time at the centre of research on flexib#ityth approaches place
practices at the centre of research on flexibility. The main advantage of inferring flexihibiygh

the attributes of practices consists of being able to directly assume what can be flexed. However,
assumptions around the flexibility of practices risk being void of their temporal arrangements.
Research on the effects of ToU tariffs cannot depamnfissues of time, the timing of activities and
their variation.

The findingf this paper triggethree mainreflections.

First, for all clusters cooking happens mostly during the evening peak. This confirms the predominance
of longer food preparationin connection with dinners compared with other medil]. This
phenomenon is mor@ronounced in British society than in some other countries. For example, work
comparing time use data from the UK and Germany points that the latter country experiences on
average a higher level of cooking for lunch and a lower level in this activitynfeerd42]. This could

be explained as part of a stronger tradition for cold meals for dinner in Germany compareddand
versg compared with the UKOther clustering work shows the significance of dinner activities in
explaining evening peaks asetstrongest liniconsists ofood preparationin relation tomeakime
activities, especially cooking with enerigyensive appliances and eating hot mepl8].

Second, an eventual high elefication of cooking is likely to penalise particularly households with
single parents as these are four times more likely to cook during the peak period than at any other
point in the day.Parenting routines, school and childcare times and work tirtescreate a #me
squeezdin the mornings and evenindsr working sole parentgl4]. While eatingn the Ukhas shifted

to later in the evening over the last four decaddSs]; [46], and its duration in thaJK, USA, Norway

and the Netherland$as been reduced over timg7] it seemsunlikely that time of day pricing
strategies will alter its temporalityVith regards to occupancy, cooking and laundry, our paper shows
large differences in the high peak to off peak ratios between single parents with children and the lower
ratios associated with singles without children. This is consistent with concernsheviflexibility

and inability to respond to price signals of households with chili#8h In principlepeak to offpeak

ratios related to occupancy could be used as proxies for ToU effects of heating and (to some extent)
charging of electric vehicles.
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Third, onsumers who are lockeith because of scarce time availabilégd lower income might not

be able toreapthe benefits ofToUpricing approachAs asimpleexample a single mother who works

as a nurse, may have long shifts at the hospital and is not only on a low income, but alsoaioee
Shemay happen to be at home and rinousehold chore$washing machine, cooking combined with
lighting, heating, etc.) at a time of the day which coincides with peak electricity demand. How do we
identify this category of endser?Movingbeyond smart meter dta or incomeonly data (for instance
excluding lowincome groups from ToU tariffs could be a mistake as some may gain from shifting
demand, for instance if they stay at home for long periods) aimadydata about what people dis

the approach suggested this paperClustering work such as the one presented in this paper is useful
in order to facilitate the identification of households subjectlioUtariffs. This can be helpful both in

§ Eue }( E 8 ]Jo E<[ « Pu vs 3]}v }( 57 |@icymakdrs dEstgninglexoeptions(} E %o
as part of large rollouts of these types of tariffs (includemiffs based on actual capacity, tariffs based

on agreed capacity, redilme pricing, critical peak pricing, critical peak rebates and block pjicing
Policymakers will also be faced with challenging questions around either including or excluding
vulnerable consumers from this new generation of tariffs. With the example of the single mother
nurse, will potecting her from flexibility costbe feasible; will enigher level of protection involve
excluding her from flexibility opportunitiesnd the financial gains these bring ab@ut

In terms of limitations, this paper assumes that people carry on with their everyday life irrespective of
changes in tariffs. This & odds with some the energy economics literature on price elasticity of
energy demand, according to which people respond to changes in price through behavioural change
depending on their incom@9], but conforms with the view that people do not have preferences
when it comes to energy demand as this is a matter of negotiating the rhythms of practices and
material arrangement§50]. Thisis consistentwith findings from other studiewhichsuggest thathe

most importantvariable when it comes to reacting to price is how any change can be accommodated
within the domain of everyday lif§s1]. In taking an innovative approacim activities, ToUtariffs and

the timing of electricity demand, this work contributes to a better understanding of these issues taken
together.
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