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Abstract—The Web is one of the most successful Internet
application. Yet, the quality of Web users’ experience is still
largely impenetrable. Whereas Web performances are typically
gathered with controlled experiments, in this work we perform
a large-scale study of one of the most popular websites, namely
Wikipedia, explicitly asking (a small fraction of its) users for
feedback on the browsing experience. The analysis of the collected
users’ feedback reveals both expected (e.g., the impact of browser
and network connectivity) and surprising findings (e.g., absence
of day/night, weekday/weekend seasonality and other temporal
dependencies) that we detail in this paper. Also, we leverage
user survey responses to build supervised data-driven models to
predict user satisfaction which, despite including state-of-the art
quality of experience metrics, are still far from achieving accurate
results. Finally, we make our dataset publicly available, which
hopefully contributes in enriching and refining the scientific
community knowledge on Web users’ Quality of Experience

(QoE).

Index Terms—Quality of Experience, Network Performance
Analysis, World Wide Web, Network Measurements.

I. INTRODUCTION

INCE its inception, the World Wide Web has sometimes
been dubbed as World Wide “Wait” [1]. Slow rendering of
the websites happened due to dial-up connections in the 80s,
slow 2G connections in the 90s and so on, but it also persists
nowadays for several reasons including unexpected sources
of latencies [2]], interactions between network protocols [3],
the growingly more complex structure of websites [4]], an in-
creased usage of mobile devices [3], [6] and the emergence of
new protocols [[7]. Yet, whereas the study of Web performance
is commonly [3], [4], [5, (81, [9], [10l, [7Z], [6] tackled via
simple objective metrics [11], and rather typically the Page
Load Time (PLT), the quality of Web users’ experience is
still largely impenetrable [12], [13]. As such, a number of
alternative metrics that attempt at better fitting the human
cognitive process (such as Speedlndex, user-PLT etc., see
Section [II) have been proposed as a proxy of users’ Quality
of Experience (QoE), whose monitoring is important for both
Over The Top (OTT) operators to keep users engaged as well
as for Internet Service Providers (ISP) to lower user churn.
At the same time, studies involving more advanced metrics
are typically validated with rather small-scale experiments,
either with a small number of volunteers, or by relying on
crowdsourcing platforms to recruit (cheap) labor and produce
a dataset labeled with user opinion. Often, videos of websites
rendering process are used (as opposite to actual browsing),
with possibly very specific instruction (e.g., such as in A/B
testing, by clicking on the fastest of two rendering processes)

that are however rather different from the cognitive process in
action during the typical user browsing activities. Additionally,
such tests are carried on a limited number of fixed conditions,
with a small heterogeneity of devices, OSs and browsers, and
are not exempt from cheating so that ingenuity is needed
to filter out invalid answers from the labeled dataset [14]],
[15]. Finally, because these tests are carried on a limited
number of pages, it is possible to evaluate computationally
costly metrics, such as those that require processing the visual
rendering of the website, which would hardly be doable in the
World “Wild” Web. Our aim is instead to take a completely
different approach and perform a large-scale study of a popular
website in operation, by explicitly asking a fraction of users
for feedback on their actual browsing experience. Clearly, the
approach is challenging but it opens the possibility to gather
more relevant user-labels, as they are issued from real users
of a real service, as opposite to crowdworkers payed to play
a game (e.g., find which video completes first as in A/B
testing). We do so by launching a measurement campaign
over Wikipedia, that has gathered over 62k survey responses
in nearly 5 months. We complement the collection of user
labels with objective metrics concerning the user browsing
experience (ranging from simple PLT [11]] to sophisticated
SpeedIndex [16]), and harvest several data sources to further
enrich the dataset with several other informations (ranging
from technical specification of the user device to techno-
economic aspects tied to the user country) so that each user
survey answer is associated with over 100 features. Building
on our previous work [17]], where we provide only a terse
characterization of user satisfaction, finding that on average
85% of users are satisfied, and use user labels to build a
simple supervised model of user experience, in this work, we
significantly complement these earlier results. Summarizing
our main contributions:

o first, we use survey data to deeply characterize user
satisfaction along both temporal and spatial dimensions:
shortly, we find that user satisfaction does not exhibit sea-
sonality at daily/weekly timescales (which is unexpected)
and document evidence of spatial dependency across
many of the collected features (e.g., network access,
browsing equipment, country wealth, etc.);

o second, we use labels to build data-driven models of
user experience: despite including performance metrics
considered to be the state-of-the art in user quality of
experience, we find that the model still falls short from
attaining satisfactory performance in operational settings;



TABLE |
SUMMARY OF RECENT RELATED WORK GATHERING USER FEEDBACK FORVEB QUALITY OF EXPERIENCE ASSESSMENT

Year [ref] Scale/heterogeneity Experimental settings Main focus
Lab+ CW:  Pages Network Sw® Hw* Samples

2015 [13] | 0 + 120 30 - - - 3.6k Prioritize elements (Above The Fold and userPer-user content prioritizatio
ratings)

2016 [14] | 100 + 1k 100 n.a. 1 1 6k Side-by-side videos (of the same site) UPLT metric de nition

2017 [18] | 147 +0 25 32 1 1 4k Controlled browsing experiments HTTP vs HTTP/2

2017 [19] | 28 + 323 28 3 1 1 2.5k Side-by-side videos or the same website in difHTTP/2 push impact
ferent protocol settings

2017 [15] | 0 + 5.4k 500 16 1 1 40k Side-by-side videos (160 different website paifs)PSI metric de nition

2017 [12] | 50+ 0 45 1 1 1 2.2k Webcam, eye-tracking glasses Eye gaze, uPLT

2018 [20] | 241 +0 12 n.a. 1 1 9k Controlled browsing experiments ATF metric de nition

2019 [21] | 0+ 50 7 11 1 1 n.a. User rating of video rendering of Web browsing QoE-aware networking

this study 62k users 46k  3:8kISPs 45 27k 62k User feedback from real browsing activity User satisfaction

ICrowdworkersZNumber of controlled network conditiondSoftware browser* Hardware device

third, in spirit with the current trends toward researchgoing beyond PLT. Given that many different de nitions of
reproducibility, we release the collectddtasetas open- PLT [34] are used in the literature, we specify that in this work
source (after having carefully ensured that no sensitivee denote PLT as the time elapsed betweerfgtehStart
information is leaked in the process, s@if-C), as we and loadEventStart browser events de ned by W3C
hope this can help the scientic community in re ningNavigation Timing [11].

its understanding of Web users' experience.

In the remainder of this paper, after overviewing the related
work (Sectior{T]), we explain the feedback collection process. Web QoE metrics
and dataset (Secti¢n]lll), which we dissect under both temporal ) ) ) ) )
and spatial angles (Sectipn]IV) and that we leverage to buildAS We are interested in measuring browsing experience
a data-driven model of Wikipedia users' quality of experienc@? individual pagesengagemenmetrics such as those used
experience (Sectidn]V). We nally discuss current limitationd [35], [36] are clearly out of scope. As such, objective
in Web QoE assessment and possible directions to circumvBitrics of interest for Web user QoE can be divided in

them (Sectiofi I) and summarize our ndings (SecVII)F‘{VO c_Iasses. _On .the one hand, there are metrjcs that either
pinpoint precise time instantsiotable examples include the

time at which the Document Object Model (DOM) is loaded or
Il. BACKGROUND becomes interactive (TTI), the time at which the rst element
Assessment of Web users' quality of experience can lkgepainted (TTFP) or the time when the Above The Fold (ATF)
traced back to[[22], that was among the rst to adapt classi®rtion of the page is rendered [37] etc. Most of these metrics
results of psycho-behavioral studies gathered in toen- are available from the browser navigation timing [11] or can
puter domain [23] (in turn inspired by work by Weber andoe inferred from packet/ ow-level traf ¢ [38], [39] and are
Fechner in the late 1800s), to tkemputer-networldomain. easy to include (though not necessarily relevant) as proxy of
This knowledge was later embedded into standards ITUuBer experience: for instance, [13] aim at prioritizing delivery
G1030 [24], [25] (and models [26]) that encode the Webedf content that is rendered above the fold (futher specializing
Fechner logarithmic [24], [25] (or exponential [26]) relationcontent relevance for each user).
ship between a stimulus (e.g., a delay) and its perceived impacOn the other hand, there are metrics timégrate all events
(e.g., nuisance for Web users). However, while logarithmaf the waterfallrepresenting the visual progress of the page,
models are valid for simple waiting tasks (e.g., le downloadsysuch as Speedindex [16] and variants [40], [15], [41], that
the case of interactive Web browsing is knowingly much moteave received signi cant attention lately. Initial de nitions
complex, as ITU-T G1031 [27] and [28] rst pointed out. in this family required capturing movies of the rendering
Still, with some exceptions [13], [19], [14], [20], [29], process [16], or to further use similarity metrics SSim [15],
[30], [31] most studies still rely on simple metrics such asaking them dif cult to use outside a lab environment. To
the Page Load Time (PLT) to assess the expected impactcofinter this issue, simple approximations such as the Ob-
new Web protocols [3], [4], [7], [10], Web accelerators [9]jectindex/Byteilndex [40] that merely count the fraction of
[8] and devices [32], [5]. While reducing delay is clearlyobjects/bytes received (over the total amount), or as the RUM
a desirable objective, it is however unclear if (and by ho8peedindex (RSI) [41] that use areas of rectangles for objects
much) a latency reduction translate into a better perceivad they are painted on screen (over the total screen size) have
experience, which is the ultimate goal of the above studidseen proposed. In this paper, we use RSI, which is among
In other words, while the importance afelay in human the most advanced Web QoE metrics considered to be the
perception is agreed upon, the exact relationship between therent industry standard. Finally, while we are aware that
Web response time and user satisfaction appear much leswe complex approaches involving the spatial dimension (i.e.,
clear than it appeared to be [33], and motivated a proliferati@ye gaze) also exist [13], [12], we prefer to leave them for
of new metrics proposals and validation studies attempting fature work (cfr. Section VI).



B. State of the art limitations preliminary work [17] that mostly focused on the classi cation

At the same time, the above metrics suffer from a limitetgsults, we not only extend the classi cation results but we
validation with user feedback. Typical approaches are §§Pecially provide a thorough characterization of user QoE
crowdsource the validation with A/B testing [15], [14], ordlong the temporal and spatial dimensions (Section V).
by performing experiments on real pages in controlled condi- 1"€ usefulness of the investigation we carry on and of the
tions [20], [33], [42]. Both approaches have their downside8!0dels we propose is clear when we consider that recent
Controlled experiments with real HTTP server/clients an§fork such as [44] still employs simpleesponse timesas
emulated network conditions for a more faithful and interactivd ProXy of user sastisfaction for Web performance, whereas
browsing experience, but are harder to scale, topping to f@thors [45] go at a deep level to investigate performance
hundreds users and few thousands data points [20]. A/B te@fsVideo application, considering a more involved Pseudo-
try to circumvent this limit, but introduce other limitations. Subjective Quality Assessment (PSQA) involving a Random
First and foremost, A/B testing is hardly representative dfeural Network (RNN). Itis thus clear that, whereas models
Web browsing activity, since crowdworkers are instructel@" video quality abunds [46], [47], scienti c community still
to select which among two videos, that they are passivdyiSSes an established and agreed MOS model for Web per-
screening side-by-side and that correspond to two differdRfmance. At the same time, we point out that the community
Web rendering processes, appears to nish rst — whereé?rted adopting slightly more accurate objectlye models (as
it is known that even for a simple Web browsing task sudf [48], [49], [30] to perform large scale studies), that are
as information seeking, already different types of search@§pired by metrics such as Speedindex that we consider in
are rather different from the user standpoint in terms &S Work, although the human component —which is among
cognition, emotion and interaction [43]. In other words, thed8® main contribution of this work—is generally missing.
experiments inform us that humans can perceive differende@rticularly, our collection effort allows us to perform a large
in these rendering processes, however they fail to signify §f@l€ studyacross the human dimensioto levels that were
these perceptible rendering changes would impact the uBEgviously unprecedented. _ _
satisfaction through the course of a normal browsing sessionC0mpared to recent literature, compactly summarized in

The time at which users consider the process nishetP- |, we are the rst to involve a large number of real
is denoted as user-perceived-PLT (UPLT) [14] or Time T&Sers 62k from 5% distinct IP addresses) accessing a diverse

Click (TTC) [15] and is often used as a ground truth of€t Of pages46k Wikipedia pages, which are more likely
user perception. Yet, when users select a UPLT in [14], thd ilar among them than the set of different websites used in
are proposed with similar frames at earlier times, which hQ&er studies), gathering ové2k user responses overall (more
the bene cial effect of clustering answers and make upPLfian twice the survey responses collected in similar large-
more consistent at the price of possibly inducing a biaSc@le Wikipedia studies [50]). Particularly, whereas most of
Similarly, [15] employs Speedindex and TTC to forecaéhel studies involving lab vquntegrs & crowdworkers employ
which among the left or right video was selected by the us@rsingle browser and hardware (since crowdworkers are shown
at time TTC: the classi er in [15] is accurate in predictin videos rendered with a single browser and hardware combina-
which of the two videos is perceived as fastest by users. YHPN) on a relatively small set of synthetic controlled network
ndings in [15] are not informative about whether the usefonditions (1-32), in our dataset we observe 45 distinct

would have been dissatis ed from the slower rendering hgiowsers software used on over 2,716 hardware de"vinpg
s/he actually been browsing. 3,827 ISPs — a signi cant change with respect to arti cial

and controlled lab conditions, which make the dataset that we
o release at [51] of particular interest.
C. Our contribution
To get beyond the limitations olf controlled and crowd- I1l. USER FEEDBACK COLLECTION

source_d experiments just exposed in Section 11-B (e.g, feWWikipedia is, according to Alexa [52], the 5th most popular
users involved, lack of rgal user l?e“aV'Of representativenggsisite, with over 1 billion monthly visitors, that spend over
and low data heterogeneity), in thl§ work we are the rst tg minutes over 3 pages on average per day on the site. We
query, at scale, Web users for their feedback on the qualiiygineer a survey that is triggered after the page ends loading

of their browsing experience. We remark that this approach sy collects user feedback (Section I1I-A), that we augment
rather common with VoIP services (e.g., Skype, Hangouts Qf;in, additional information (Section 11I-B).

ten ask for Mean Opinion Score (MOS) rating at the end of the\ye note that, while this paper is not the rst in leveraging

call), but to the best of our knowledge, with the exception Qfjixinedia surveys in general (see e.g., [50]) this is the rst to
our preliminary work presented in [17] that this work extendgyiher yser feedback on quality of Web browsing experience
this has not been attempted before on the wide and wild Wely o, gperational websites, for which we believe releasing the

Speci cally, instead of collecting user feedback on a 5-gradg;iaset can be valuable for the community. To make sharing
Absolute Category Ranking (ACR) scale, we ask for a slightly; e gataset possible, we take special care into making user

more than binary feedback (see Section IIl), which let us Cad content deanonymization as hard as possible, without

on a thorough characterization of user satisfaction (see Secrf‘ﬂl?ting the dataset informative value as much as possible
IV) and formulate a simple, yet hard, binary classi cation

problem (see Section V). Particularly, with respect to our!As inferred from theUser-Agentheader eld, after having ltered bots



TABLE I
COLLECTED CORPUS ORNIKIPEDIA USERS QOE FEEDBACK.

Period May 24th — Oct 15th
No. of survey requests iSj = 1746799
No. of survey answers jAj 62740 iSj=jA] =3:6%

No. of positive answers jA*
No. of neutral answers  jA°
No. of negative answers jA |

53208  jA*jSjAj =84:8%
4838 IACjSA] =7:7%

]
j
‘ 4694 A jHA] =7:5%

right area of the wiki article, ensuring that it typically appears

Fig. 1. Appearance of the Survey in the English Wikipedia (answer order?é,bove the fold. However, as the .use.rs can freely b.rowse the

randomized). page before the survey appears, it might be out of sight when
it's injected in the DOM, which is why we also record the time

elapsed between thieadEventEnd and the moment the

(Section 11I-C). In this section, we also perform a preliminar}ySer sees the survey. Also users thaF are shown the survey are
assessment of the collection methodology, to conrm t Leenotto respond to the survey, or might as well respond very

. ; ate (e.g., possibly browsing to other tabs in the meanwhile).
absence of bias in the response process (Section Iii-D). O\Eergll pusers );esponde?:i as reported in Tab. Il to abo)ut

3.6% of the over 1.7M surveys that have been displayed in
A. Technical aspects of the survey collection the period, for a total of over 62k anwers: 84.8% of the users

Due to limitations in Wikimedia's caching infrastructurerespond positively to the survey with an almost equal split of
the survey is injected into the page via client-side code. Wilihe remaining answers to a neutral (7.7%) or negative (7.5%)
media continuously collects navigation timing performance @fades.

a randomly selected sample of page views (less than 1

every 1,000 pageviews), the survey is displayed to a randonfly Collected features

selected sub-sampt® of this population (less than 1 every We enrich the collected corpus with external sources that
1,000 of the pageviews with navigation timing informationgan be useful for a better understanding of the survey re-
and only part of the surveys do receive an ansiwer Since sponses (Section 1V) as well as being instrumental to the
A T , several features (that we detail in Section IlI-C angurpose of feedback prediction (Section V). A terse summary
analyze in Section IV-C) related to page loading performancesthe metrics collected (as well as those we plan to release)
are also available for pages sampled in the survey respongeseported in Tab. Ill. We discuss rationales of the selection

The survey appears on Russian, French and Catafan metrics that we make available in the publicly available
Wikipedias, as well as English Wikivoyage, and it is displayedataset in Section 1lI-C.
in the appropriate language to the viewer. We collect the survey
on mobile & desktop version of the site (but not on the mobileage: For each page, we record 15 features that concerns it
app). The goal of the survey is to assert whether there gegg., its URL, revision ID, size, etc.) and that thus are critical
Quiality of Experience issues that a signi cant fraction of usefsom a privacy point of view. We additionally record the time
consider to be problematic, and that Wikipedia should thispse at which the survey is shown to users, which is instead
deal with. Since it is well known that “results that are onlynnocuous.
based on user ratings do not re ect user acceptance” [53],
instead of asking users a 5-grade Absolute Category RankiPggformance:Since S T , then all the 32 navigation-
(ACR) score, the survey explicitly asks for ussrceptance timing performance-related metrics (such as DOM, PLT, TTI,
i.e., users can respond with @ositive neutral or negative TTFP, connection duration, number of HTTP redirects and
experience. For the sake of completeness, a snapshot of their duration, DNS wait time, SSL handshake time, etc.) are
survey question as it is rendered for English readers is reportéiglo collected. Finally, we compute the page download speed
in Fig. 1. To avoid biasing user answers, we randomizehich is a simple, yet non linear, transformation of page size
the order of survey answers and we avoid priming effeand connection duration, by quantizing it in steps of 100Kbps.
by refraining to explain/formulate specic survey goal (e.g.These informations are specic to page views, and are less
collect data to make Wikipedia faster) prior of the answaritical to be shared.

(survey purpose and data collection policies are available

through the “privacy statement” hyperlink shown in Fig. 1)User: The 32 collected user-related metrics include the
Similarly, neutral feedback is meant for, e.g, users that haweowser, device and OS families. Additionally, we know
no honest opinion, as well as users who were not payimhether users are logged in Wikipedia, if they are accessing
attention during the rendering, or users that do not understanikipedia through a tablet device and the number of edits
the question, etc. to avoid biasing the results (Section llI-Dhat users have made (coarse bins). These informations are of

The survey is injected in the DOM after the page nishedourse highly critical.
loading (i.e., wherloadEventEnd [11] res). In order to
give the survey visibility, it is consistently inserted in the topEnvironment:The 36 environmental collected features pertain



time, network, geolocation and techno-economic aspects. With TABLE Il

the exception of time information, which are directly availableSUMMARY OF THE FEATURES(T/WWW/PA) THAT ARE ASSOCIATED TO
ACH USERS SURVEY RESPONSE THE MUTUAL INFORMATION BETWEEN

from the survey que'_’y' we extensively use external daFaTHE SURVEY ANSWER ANDT/WWW/PA FEATURES IN THE CLASS IS
sources to extract environmental features. REPORTED AS A BOXPLOT

As for the network, we leverage MaxMind [54] for IP
to ASN and ISP mappings and for geolocation at countfyChSlSS TIWWWIPA | Sample features | Mi(x,y)

(and city) granularity. ISP and ASN mappings are potentiallypage Wiki, Page size,
interesting as it can be expected that performances (for the 151211 Survey viewtime,
same access technology) vary across ISPs (access technglogy etc.

is also available for about 2/3 of the samples). Concerning BT TT]

ggolocation, whergas databases are known not to be reliablg fBrerformance 32/26/18
city-level geolocation of server addresses [55], they are gener- TTFP, RSI, etc.
ally suf ciently accurate for resolving customer IP addresses,
and especially when only ISO-3166-2 country-level precision
is required. Country-level precision also allows us to relativelyYser 32/21/0

Device, Browser,

compare performances across users in the same environment, g?c'tCOU”tB“"ket'

i.e., we normalize the page download speed with respect to the :

median per-country speed observed in our dataset (in terms efvironmen Connection Type,

ratio, absolute and relative error). 36/12/0 Time,
Additionally, ties between country wealth and network Geolocation, etc.

traf c volumes have been established in the literature (partic- Total

ularly, deviation from expected volume [56]): it is thus worth Overall 115/61/19

WWW [17] paper
Publicly Available

@?f TT %?é@%‘ﬁ

investigating whether there also exist ties between wealth and
users' impatience. We use the Gross Domestic Product (GDP)
information made available by the World Bank Open Data

project [57]. The per-country economic features we COnsidgétermine the amount afvailable CPU and RAM resources,
(namely, per-country GDP, country GDP rank, per-country p&t- -\ hich user perception will be ultimately affected [5], [6].

capita GDP, efc.) are expressed in terms of Geary'Kh"’mlvﬁ’ssing this information on a per-sample basis, we attempt

dollar:s, which relaltg E)O the pdurghflsmg prtl)wer taarlty, -6, ho% at least construct the per-device statistics, by considering
much money wou € heeded 1o purchase the same gOﬂgﬁgation timing information of a large representative sample
and services in two countries. The rationale in so doing

. T & Wikipedia users. Particularly, we consider the month of
that, albeit Web users percgptmn Is tied to. .pSyChoDhys'ﬁflgust 2018 during which we observe over 30 million navi-
laws [25], there may be environmental conditions that tw tion time samples from 29,336 different devices, including

this law differently in _each country. For instance, a xe Il 2,716 devices in our survey. We then constrdetilesof
amount of delay (the stimulus) may have a smaller percept %Ir-device performance (e.g., of page load time and similar

value to users of countries with poor Internet access whi pning information): indeed, it can be expected that users
GDP-related features might capture: e.g., in other wor knowingly slow devices be less impatient, which this

one can expect users in a high-GDP coyntry Fo have betttﬁl’ditional data source could provide.
average performance and thus be more impatient than users
from a low-GDP one. In particular, we use the 2012 per- ]
country dataset provided by [58] since arguably the world- Ethics
level statistics evolve on a relatively long timescale. The dataset we collect contains obviously sensitive infor-

Finally, we expect user-home gateways [59] and particiration allowing to deanonymize Wikipedia visitors (such as
larly end-user devices [5], [6] to have a direct impact ofP addresses, version of their browser and handsets), as well
the overall performance. As such, we complement the IS&s linking them to the content they visited (e.g., page, revision
level view with a device-level information. Particularly, welD, time of their visit, etc.).
harvest the Web [60] to nd techno-economic information Despite the dataset release policy explicitly forbids user
about user devices and in particular, collect device CPdeanonymization, in the interest of respecting personal pri-
memory and pricinginformation. Intuitively, this information vacy we have to obscure information so to render user
complements the per-country GDP information as, e.g., thaieanonymization as hard as possible, while still allowing
may be further perceptual differences between users witfeaningful information to be extracted from the data.
a costly smartphone in low-GDP vs high-GDP countries. At rst, as discussed in theWVWW [17] paper, we pro-
We recognize that device CPU and memory specs are oplysed a conservative vetting process, that selectively |-
an upper-boundof the achievable performance, as it is théered/obscured/aggregated information to select which fea-
mixture of applications installed and running on a device thaires could be ultimately released publicly, out of tiogal

°Note that we collect pricing information at the time of our query, an(g.T) d-atas-et, that in this paper we de.nOte MWWW) the

; k in this case was that perfect unlinkability could not be

not at the time when the device was actually bought; we also ignore pri@uS ) ]
differences among countries, and per-ISP offer bundles. claimed, since we do not control adither sources (e.g.,



bits) that can be obtained about the survey answers through the
observed variable. Tab. Ill shows that, while we only consider
about half of the collected featur€s), the (WWW)features
overall have ahigher mutual information(particularly, note
that the 25th percentile, median and 75th percentile are higher
in the (WWW)feature set). Thus, we conclude that:

on the one hand, classication results of Section V
are only minimally affected by selecting &IT') , some
(WWW)or very few (PA) features, so that repeatability
of the QOoE study is not affected by the vetting process:
under this angle, it is fortunate that features belonging
Fig. 2. Qliantile-quaontile plot of PLT statistics for different sets to the performance class, which are those exhibiting the
(T S A =A"[A[A ). . . : .
highest mutual information with the user grade, are also
the ones made available, being the least critical to share.
on the other hand, the type of study we conduct in Section
a survey responder wishing to deanonymize himself, well- v would be impossible to reproduce with the available
funded opponents, capable researchers, etc.). After a rigorous features(PA) set: under this angle, we decide to provide
Wikipedia legal vetting process, we instead choose another i, this paper a through spatio-temporal characterization

option that aggressively Iters/obscures/aggregates features in of the collected dataset, as it would hardly be doable
an extremely conservative manner, considering only features gtherwise.

of the performance class, that are not linked to sensitive
information. In particular, the publicly availabl@®A) dataset o ,
is provided only for the Russian and French Wikipedia. ~ D- Validity of the collection methodology

Despite our care in engineering the survey questioning
Method: Speci cally, for the conservativ WWW)case, we process, we cannot exclude a-priori the existence of bias in the
opted for an approach where we transformed data inuaer survey answer process. For instance, users might refrain to
non bijective way (e.g., IP to ASN and ISP mappinganswer when the page loading experience was positive, and be
that provide network-related properties, while preventing usgore willing to express their opinion in case of bad experience,
deanonymization at the same time), or aggregated at a suithich would lead to under-estimate the user satisfaction.
ciently coarse grain (e.g., country-level geolocation; obfusca-To assess whether our survey collection methodology yields
tion of browser major/minor version; aggregation of unpopulde such (or other) biases, we compare three sets of page view
devices, etc.). For the same reason, we decided to aggeperiences, namely (i) the sBt where we record navigation
gate time-related information at a coarse-grain (hour-leveijning information from the browser (ii) the s8t where users
and drop most content-related features (e.g., page ID). Wave beershownthe survey (iii) the seA where users have
qguantized the page size with a resolution of 10KB, to alsactually answeredto the survey. Finally, we further slice the
make it hard to reverse-engineer which page was visited. et of answered surveys according to the answer in three
maintained most of the navigation timing related performaneelditional datasets with (iv) positiv* , (v) neutralA® and
features, that have the highest mutual information, which v{e) negativeA  grades.
obfuscated wherever necessary (e.g., given that with precisémong the numerous features we collect, without loss of
PLT and download speed one could easily reverse engingenerality we now limitedly consider the Page Load Time
the page size, and thus the content, we quantize the downI¢RHT) distribution. SinceS T is selected with uniform
speed in steps of 100Kbps). In the publicly availafiRd) random sampling, by construction we have tBaand T are
set, only performance metrics are considered, that are stdtistically equivalent as far as individual features, such as
linkable to any property related to time-of-day, user, conterRLT, are concerned. However, in case where udetssionto
geography, device, etc. answer to the survey (irrespectively of the aciyadethat we
Results:As a consequence, comparing results in these twonsider in Section V) would be biased by the performance
scenarios is useful to see if this loss of information potentialyf the page, then the PLT statistics should differ among the
has an impact on the global prediction accuracy, which veet of displayeds vs answered surveys. The left-side of
assess in Section V: at the same time, from results preserfégl 2 reports a quantile-quantile (QQ)-plot of the empirical
in Tab. Ill, we can expect this effect to be rather limitedPLT distribution, using quantiles & on the x-axis and ; A
Indeed, Tab. lll reports the number of features that amm the y-axis, from which one can clearly remark the absence
collected overal(T) vs those that would have been availablef such bias.
under a conservativeNVWW)vetting process and the publicly Conversely, one would expect that, shall the PLT affect the
available oneqPA). For each class (rst column), the tableactual grading of the browsing experience, then PLT statistics
reports the number of T/WWW/PA features (second columrghould differ among theA* [A °[A = A sets. This is
and additionally reports boxplots of the mutual informatioshown in the right-side of Fig. 2, comparing the quantiles of
M1 (x;y) between features in the class and the survey answiee answer seA on the x-axis to its per-grade slices on the y-
(last column).MI expresses the amount of information (irexis. Several remarks are in order. First, it can clearly be seen



Fig. 4. Annotation of major Wikipedia-related events occurred during the
whole 5-months observation period.

Fig. 3. Aggregate statistics of navigation timing performance (TTI, RSI and
PLT in the gure), conditioned by survey response.

that b_rowsmg exper?ence with negative scores fall abovg th@ 5. Temporal view: daily mean of PLT, TTl and RSI during the observation
equality line, con rming as expected that the set of negativepgriod.

rated pagesA contains pages with longer download time
compared to the positivd* and neutralA® sets. Second,
similar considerations hold for neutral (slightly above) and
positive (slightly below) answers, although they are less visible
—in part, this is due since positive grades represent the bulk of
the answergA* j5jAj = 84:8%, for which the PLT statistics

of A* andA are mechanically more similar (we will take
care of class imbalance when appropriate later on in Section
V). Third, we notice that the QQ-plots of positive, neutral and
negative answers overlap for quantiles corresponding to low
and moderate PLT values, indicating as expected that the PLT
alone cannot fully capture user perception.

Fig. 6. Temporal view: breakdown of daily survey answers among positive,
IV. USER FEEDBACK CHARACTERIZATION neutral and negative scores.

We start by analyzing the user feedback along aggregate
(Section IV-A), temporal (Section IV-B) and spatial (Section

IV-C) viewpoints, including for the time being the neutra‘ncludes the Time To Interact (TTI), the RUM Speedindex

answers. (RSI) and the Page Load Time (PLT), although we point out
_ that results qualitatively hold for other metrics such as Time
A. Aggregate view to The First Paint (TTFP). These are the most widely used

As previously illustrated in Fig. 2, users' grades exhibimetrics to express Web users quality of experience, and are
some correlation with performance metrics such as PLAmMong the metrics with the highest mutual information with
This is consistent with results reported in Tab. lll, furthethe survey answer (namely TTI=0.032, RSI=0.024, PLT=0.04).
showing that metrics in the performance class have the highestwo takeaways clearly emerge from the picture. First, as
mutual information with user answers. We now consider otherpected order relationships that were early shown in Fig. 2
performance indicators beyond PLT, and depict in Fig. f8r PLT are maintained for the TTl and RSI ECDFs, in the
the empirical cumulative distribution functions (ECDFs) o$ense that TTI, RSl and PLT for page views having a positive
three representative navigation time metrics [11], slicing ttezore are smaller (the distribution is shifted to the left) with
dataset depending on the survey answer. Particularly, the guespect to TTI, RSI and PLT for neutral (middle curves) or



negative (right curves) scores.

Second, scores are hardly separable along any of the TTI,
RSI or PLT metrics: notice for instance that 75% of positive
(57% negative) pages have a TTl up to 1lsec, and that
similar considerations hold for RSlLs (59% positive vs 43%
negative) and PLT 1s (47% vs 32%). This raises the need for
additional metrics beyond those related to performance timing,
which hopefully can further assist the prediction of user scores.

B. Temporal breakdown

At a glance:We next present the daily amount of user answers
over the whole 5-months period, with annotation of different
Wikipedia-related events. Such events, some of which are
reported in Fig. 4, are of different nature and include, e.g., the
injection of banners for fundraising or the call for volunteering
contributions to Wikipedia content; network-related events
such as data center switchover/switchback; browser-related
event such as new versions that introduce known regression in ) ) )
performance metrics (e.g., Chrome 69 release that intrOdU(l::quS 7. Temporal view: absence of night/day seasonality of survey answers.
afirstPaint regression); back-end events and deployment
of new features (e.g., RUM metric “MediawikiLoadEnd”
improved). As it can be seen from Fig. 4, an operation&ig. 7 the volume is merely correlated with the volume of
website at scale continuously has events that are generaifgers activity, which as expected follows a seasonal pattern
not available in testbeds (such as those overviewed in Sectigith lower night-time activity that is preserved by our random
1), that thus sample very narrow and speci ¢ conditions tha&ampling. In the day-of-week case one can notice a slight
are not representative of real deployments. increase in the answer frequency on Sundays, which in our
Yet, these operational changes appear to have only a modiataset is due to a combination of (i) a slightly higher traf c
ate effect on browser timing metrics: Fig 5 shows that evertslume on some Sundays over the 5-months period, (ii) as
and banner campaigns do not alter in a signi cant fashiomell as a higher propensity to answer the survey on Sunday,
the evolution of PLT/RSI/TTI metrics, that are intrinsicallyespecially during some weeks of September.
variable at a daily timescale. Particularly, from Fig. 6, one Yet, more interesting is the absence of daily/weekly sea-
can notice that the daily fraction of positive, neutral and negeonality in theanswers breakdownFrom the bottom plot
ative answers remains remarkably steady over the observatidnFig. 7 one clearly gathers the absence of seasonality at
period, with a stationary fraction of about 85% satis ed user@4-hours circadian rhythms, which is somewhat surprising.
On the one hand, this could be somewhat unexpected sinceleed, recent work [61] that leverages wearable devices to
one could argue events such as, e.g., data center switchovantar user activity and correlate it to Web user responsiveness
browser regression to directly affect the objective measuralflee., keystroke and click times in the Bing search engine),
delay. At the same time, in light of Fig. 6, it appears that thdo show that users have worse responsiveness (i.e., higher
observed level of variability in the PLT/RSI/TTI metrics hapkeystroke and click delays) especially after wakeup and at
pen in a range that is not enough to affect human perceptioight-time, whereas their response times are signi cant faster
— or in other words that the measured delay changes do doting daytime. In turn, from daily variability in user respon-
necessarily harm user QoE. siveness, one could have expected a higher tolerance to, e.g.,
slow websites performance, that however does not appear in
Seasonality: We next study if user scores follow classiour results. One likely reason is that the largest discrepancy
night/day and weekday/weekend effect. The rst circadiabetween maximal and minimal user click time is on average
timescale is intrinsic to variation in human cognitive capabilitpf about 1second during the day (see Fig. 2(b) in [61]),
throughout the day, whereas the second can possibly re edtich may not be enough to trigger perceptual changes so
a change in the environment (work/leisure), which not onlynportant to affect theacceptability of the page rendering
affects the environment (e.g., user mood) but also possibly theocess (whereas they could have appeared had our survey
devices used to access the service (e.g., company vs persoiaiplved a ner-grained 5-grade ACR scale feedback).
Fig. 7 and Fig. 8 report the raw answer frequency (top plots) asSimilarly, from the bottom plot of Fig. 8 one again gathers
well as the breakdown of users scores (bottom plots) at hotlie absence of seasonality over a weekly timescale. On the
of-day and day-of-week aggregation granularities respectivebne hand, this is somewhat unexpected since human behavior
Plots report the mean (line) and 95% con dence intervaln computer networks (such as personal communication [62])
(shadowed band) of the metrics of interest. does exhibit day-of-week dependence. On the other hand, this
Top plots in Fig. 7 and Fig. 8 do exhibit a seasonal variatida in line with [61] that does not remark a weekly difference
in the answers volumeParticularly, in the hour-of-day case inin user responsiveness (i.e., weekend and weekdays follow



features that would allow content-linkability, making only two
page-related features available in {W¢WW)set: namely, the
survey viewtime after the page is rendered and the HTML
page size. The plot in the top left corner of Fig. 9 reports the
variation on scores as a function of the HTML page size. It can
also be seen that breakdown is very similar irrespectively of
the HTML page size, with the exception of smaller pages, that
have a slightly higher negative scores (which deserves further
attention). Thus, in our dataset the page size only plays a
minor role in the user feedback, which can be expected since
Wikipedia pages tend to be relatively small. Concerning the
smallest bin of pages up to 10KB, notice that it comprises
7.8% of the over 46k pages (i.e., a bag of 3.6k pages)
con rming that a 10KB granularity make linkability complex.

User-related metricsAmong user-related metrics, we select
the browser, device and (8milies( ner grain information is
precluded from sharing), and report whether users are logged
in Wikipedia (binary ag), if they are accessing Wikipedia
Fig. 8. Temporal view: absence of weekday/weekend seasonality of surifyough a tablet device (binary ag) and the number of edits
answers. that users have made (coarse bins). These features are reported
in the top row (and the rst two features in the second row)
a statistically similar diurnal variability in [61]). Under thisOf FF(')?'tﬁ'e family of browsers, device and OS, we report the
light, and given the absence of time-of-day dependence on Uggy g and aggregate all others into a “other” bin. Interestingly,
website acceptability, the absence of day-of-week seasonafiym the browser family one can notice a remarkable discrep-
is less striking. _ _ ancy of users score breakdown for different browsers. Particu-
Additionally, we gather that, despite the propensity t0 afsry one can observe “mobile” versions of popular browsers
swer the survey may change over typical human timescales, {§,5ve poorer scores than their “laptop/desktop” counterpart;
answer itself may be more tied to the perceived performangg, ihis case, one cannot easily disambiguate whether poor
con rming the validity of our survey. scores are tied to bad implementation of the browser, or to bad
performance of the mobile device (a nevertheless very likely
C. Spatial breakdown cause [5], [6]). Considering only laptop/desktop browsers, we
Overall, our dataset comprises 115 features from 4 mdiave that Safari (1st), Opera (2nd) and Chrome (3rd) are on
classes. We now investigate how the score breakdowntlie podium, with Firefox (4th) a close next.
affected by some representative features in each class. Patt is also interesting to observe that, whereas users scores
ticularly, since the dependency between the user score apdte clearly differ among browsers, the amount of mutual
the performance class (e.g., 3 out of the 32 collected metriggformation is still relatively low (comparable to the HTML
namely TTIl, RSl and PLT) has already been exposed frage size) — which is due to the fact that browsers are not
Fig. 2 and 3, in this section we further dig into page, us@qually represented in the dataset, with Chrome and Chrome
and environment-related features. Specically, whereas lahobile taking up over 50% of the samples in our dataset.
studies have rather poor diversity in terms of handsets, browSémilarly, score breakdown is remarkably different across
software, and geographical diversity, the collected dataskvices, yet the number of devices is so large (over 2.7k) and
allows to peek at Web users' QoE under each of these angli categories either too precise (as for the different XiaoMi
Fig. 9 reports, for 15 cherry-picked features in the datasetpdels) or too coarse (iPhone and iPad do not unfortunately
the breakdown of positive/negative scores (neglecting neutraport the model version, which mixes old and new devices in
answers for the sake of simplicity). For each subplot, we single bin) resulting in a very low mutual information.
condition over different values of the feature and visually Score breakdown per OS con rms that users score are better
report the positive/negative breakdown as stacked bars. Borlaptop/desktop. However class imbalance across OSs makes
categorical features without a natural ordering, the bars ateso that a simple binary indicator (isTablet) has a higher
ordered in increasing satisfaction rates. In case of numerigaedictive power with respect to more precise labels (e.g.,
features, the natural ordering is otherwise preserved (so thaice as much as the OS and browsers family).
breakdown is not monotonously increasing). On each subplotNext, concerning user experience on Wikipedia, we notice
the top x-axis report the cardinality of samples for each bahat readers (0 edit) are more likely to provide a negative
and the bottom label reports the feature name and is furttrswer than writers (from 1 to over 1000 edits). This is
annotated with the mutual information value. somewhat surprising since whereas our survey population is
mostly European, logged editors are always directed to US
Page-related metricsParticularly, we aggressively censureservers, incurring in higher latency. The higher fraction of
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Fig. 9. lllustration of spatial breakdown of user scores acpagge userandenvironmenfeatures obtained by conditioning each of them over different values
and showing on the top x-axis the cardinality of samples for each bar.

positive answers can be due, on the one hand to the fact tha only very few 2G and 3G connections in our dataset, thus

higher RTT delay may be masked from warm-up caches farlow M| ) and strong difference on the relative connection

the page they are editing, or on being more accustomed wibeed. Interestingly, concerning the latter one can notice that

(and thus more adapted to) Wikipedia service. At the sarttee ratio of negative scores decreases for increasing speed, and

time, given that most (97%) of Wikipedia users are readersally exhibits a slight decrease again for users having 10

the knowledge of the edit counts is irrelevant for predictinthe median speed in the country — likely well equipped and

user satisfaction — so that even in this case a simple bingmyssibly more impatient users.

information such as whether the user is logged in has more, terms of country-level information, bottom-row plots in

predictive power (highMI). Fig. 9 inspect the country name and its GDP rank. Two
phenomena appear: on the one hand, we observe that users

Environment-related metricsFeatures in the environment/iving in countries with poor GDP (high rank) consistently
class include network-related and per-country information, rE2Port poor performance (likely tied to poorer infrastructures);
ported in the middle and bottom column of Fig. 9 respectivel" the other hand, we observe that users of wealthy countries,
Network information is represented by ASN, connection typ@at have comparably better performance (e.g., higher rates),
and speed information (particularly, we report in the picture tifiS0 Possibly report negative scores, but possibly due to
ratio of the download speed to the median speed in the courfiifférent reasons (e.g., tied to higher user impatience due to
observed in our dataset). We see that all have a clear impBither expectations).

on the user scores, with consistent differences across ASNWe nally consider further information concerning the
very strong differences across connection type (although theiger device (such as RAM and price harvested from the
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Web), which we report to the median per-country per-capita
GDP. We gather that, whereas poor maximum RAM (1GB)
is symptomatic of bad performance, scores are strikingly
similar across a range of device prices: as performances are
likely different across devices [6] (which in part justi es the
price difference), this seems to suggest that owners of cheap
devices are prepared to be more tolerable in spite of poorer
performance. However, if we do take into account the relative
wealth of the country by normalizing the price tag over the per-
capita GDP, we see that there is a negative correlation with
user scores (possibly, expectations of users owning a pricey
device in a lower-GDP country are also higher, and users are
more likely to report bad performance as negative experience).

Fig. 10. ROC curves, obtained when averaging the results gathered with a

V. USER FEEDBACK PREDICTION 10-fold cross validation o with the PA features set.
We continue by disregarding the neutral scores and now
build data-driven models that forecast user answers. TABLE IV
USER FEEDBACK PREDICTION CONFUSION MATRIXES, OBTAINED WHEN

Problem formulation: Keeping 0n|y negati\/e and positiveAVERAGING THE RESULTS OBTAINED WITH A10-FOLD CROSS VALIDATION
answers for the user feedback prediction analysis is a simpli- ONB WITH THE PAFEATURES SET
cation which directly stems from the structure of our survey,

. . . . Model True Predicted | All

and allows to turn the problem into a binary classi cation . +
one. This simple formulation enables immediate and intuitive Perceptron - 0.64 0.42] 4494
statements of performance objective, that we express in terms * 8-22 8-2? jjgj
of the classic information _retneval metrics. _ Random Forest | | 042 059| 4494

Clearly, from an operational standpointcanservativees- XGBoost - 0.63 0.41[ 4494
timation of user satisfaction is preferable. Indeed, the service * g-g; 8-22 iigj
operator wants to avoid t_hat a malfunctioning service that is K-NN + 043 057| 4494
truly affecting user experience goes undetected, as when the SVM - 0.67 044 4494
ratio of dissatis ed users increases above a given level this can * 0.33 056| 4494

prompt alert to repair or ameliorate the service. In our settings,
conservative prediction results translate imb@ximizing the

recall of negative scores cross validation with a 90:10 training and testing dataset split,
and nally averaging the outcomes of each fold. The entire
Reference classi cation result§&iven the class imbalance, weg|assi cation results are reported in Tab. V and expressed in
have to preliminarily downsample the datdsétdeed, given terms of accuracy, precision, recall and F1 score for both the
that after discarding the neutral scores 92% of the users giitive A* and the negativé answers sets. We obtain, in
satised, a nave 0-R classier that just learns the relativeterms of model accuracy, similar results with both the models,
frequency of the scores and systematically answers with thanh a slightly higher accuracy when using XGBoost but
majority class, would achieve 0.92 accuracy — but wouldwer A recall with respect to the Random Forest Classi er.
entirely miss negative scores, having thus a wull recall. prediction outcome is clearly deceiving and only slightly
Hence, a more appropriate baseline for recall of unsatis ggbtter than the rige baseline, despite the relatively large
users requires performing undersampling, i.e., keep onlyngmber of features collected: speci cally, with the Random
portion of the positive scores, equal to the size of the negatiggrest classi er only 61% of the unsatis ed users are correctly
ones, to obtain a balanced dataset. We denote the balanggstured, with a precision of 0.58. Interestingly, performance
datasetB and the complementary dataset, only containingh the remaining dataseB, i.e., the set of positive scores
positive answers Itered out in the downsampling Bs ltered out due to class imbalance, remains consistent with an
Tab. IV reports 5 confusions matrixes, obtained when traigyerage accuracy of 0.55 (0.59).
ing a 20-trees random forest [63], a XGBoost [64] classi er, Fig. 10 presents the Receiver Operating Curve (ROC) plots
a Multi Layer Perceptron (MLP) (two layers perceptron: 8roduced when evaluating the true positive rate by letting the
Rectied Linear Unit (ReLU) and a sigmoid), a K NearesErobability threshold vary. We remark that for all the other
Neighbor (K-NN) (with K = 5) and nally a Support-Vector resyits we keep the probability threshold xed to 0.5. This
Machines (SVM) classi er. Results are gathered when consif- gptained again when averaging the results of the 10-fold
ering all the 19(PA) publicly available features on a 10-fold\ jigation with the abovementioned different models. This plot

con rms that classi cation performs just slightly better than

SWe prefer to avoid the diametrically opposite approach of synthetical . .
generating users score, which is in stark contrast with the very same natﬁé@dom guessing (blue dotted Ime)' regardless of the model

of our survey work. adopted, without any surprising result. XGBoost is the model
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TABLE V
USER FEEDBACK PREDICTION CLASSIFICATION RESULTS EXPRESSED THROUGH SEVERAL METRIG®BTAINED WHEN AVERAGING THE RESULTS
OBTAINED WITH A 10-FOLD CROSS VALIDATION ONB WITH THE PAFEATURES SET

Model Accuracy | Precision 5 Recall , Precision  + Recall o+ | F1, Fl,+
Perceptron 0.60 0.64 0.47 0.58 0.73 0.54 0.65
Random Forest 0.59 0.58 0.61 0.59 0.56 0.60 0.58
XGBoost 0.61 0.63 0.50 0.59 0.71 0.56 0.64
K-NN 0.57 0.57 0.55 0.57 0.59 0.56 0.58
SVM 0.59 0.67 0.34 0.56 0.84 0.45 0.67

set even further by only considering the features in ({P&)

set (all belonging to the performance class). In this case,
results show a slightly higher, but still very limited specially
in the random forest case, reduction of the classication
performance: on the one hand, performance-related features
consistently rank high in terms of Gini importance, though
on the other hand they lack discriminative power for telling
user answers apart. The solid black line in top of Fig. 11
shows the fraction of conditioned dataset with respect to the
original one, which is evidently equal to 1 when performing
feature subsampling, i.e. in th&A) and (WWW)cases, and
instead is decreasing for tifieA) set (only user records coming
from France and Russia wiki are made available) and when
we spatially subsample the dataset in Fig. 12.

Dataset subsamplingWe nally spatially condition the
dataset, investigating whether classi cation performance me-
chanically improves by reducing the heterogeneity in the
dataset, in an attempt to recreate more homogeneous condi-
tions as usually done in the lab studies of Tab. I.
Particularly, in C;a) we use features iWWW)set and
restrict the attention to the most popular browser, namely
Chrome, considering both mobile and desktop avors. In
(WWW; b) we instead restrict to users of the prevalent country,
i.e. Russia, and infWW, c) to Android users. We also com-
bine these lters altogetheWWW, a; b) and WWW, a;b;c),
and nally consider WWW,d) the top-1000 pages in our
. Classi cat s ) i . bta ddataset. We report in Fig. 12 the classi cation results obtained
T e e e e e cpvayeBY running the modiels on each of the above dataset variants.
features. Clearly, conditioning the dataset implies that a smaller fraction
of the original dataset is available, which we also have to re-
balance: in turn, con dence intervals for the metrics of interest
increase for decreasing dataset fractions, which is expected.
leading to the highest Area Under the Curve (AUC) (0.65¥et, it is easy to gather that classi cation performances are
followed by the MLP. only minimally affected in all the above cases, irrispectively of
the portion of features considered, the amount of homogeneity
Feature subsamplingiVe next consider how the classi cationin the data or of the model adopted, so that the state-of-the
results change with respect to the above reference (where &k quality of experience metrics we collect, enriched with
consider the collected overa(Tl) features) when we slice environmental information as described in Section IV, are
the dataset by keeping only subsets (@). We repeat the apparently not enough to discriminate among satis ed and
experiments with the same parameters used to obtain thsatis ed users.
above reference results and the same statistical metrics. Fig. 11
reports the classi cation results, expressed again in terms Explainability: In step with the current trend towards human
accuracy (top), precision (middle) and recall (bottom), whenterpretable machine learning and model explainability, we
considering the portion dWWW)features: as expected, sincdeverage SHAP (SHapley Additive exPlanations) [65] to ex-
features in thWWW)set are fewer with respect @) but plain which are the relevant features that can help revealing
having better mutual information with the survey answersyhether a user is satis ed or not. We report in Fig. 13 the
classi cation results are practically unaffected. We reduce thigp-20 features of( WWW) set, sorted by the sum of the
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. L . . Fig. 13. Ranking of the features according to their SHAP values.
Fig. 12. Classi cation results, dataset subsampling: performance obtained by

restricting the attention to (a) Chrome-only browser, (b) Russian population
(c) Android OS and (d) top-1000 pages (and combinations thereof).

redirects on Web performance results [34], we observe that
the redirect time is ranked low in the feature importance scale

SHAP magnitude values computed for all the samples gpd thus does not impact much the user feedback prediction.

the dataset, obtained with a Random Forest Classi er. SHAP

values indicate the impact of each feature on the prediction, VI. DISCUSSION

hence providing a quantitative insight of the importance of This work is the rst to leverage user feedback from real
each feature for the model. On the one hand, thimmmary browsing sessions in operational settings. As any new work,
plot provides an overview of the most important features fahere are a number of limits, which requires community-level-
the model. On the other hand, it highlights what is drivingfforts which we discuss next.

the de nition of variable importance itself, i.e. the feature

values. Indeed, the positive x-axis values assess the imp@otlection and validation methodologie¥/e remark that this

on the model output for predicting theegative answelabel, work is the rst to collect user feedback from real users in
whilst the negative ones refer to thmositive answedabel. real browsing activity, from an operational deployment. This
For the top- ve features, the higher their values, the largés in stark contrast with most lab research, where volunteers
the impact on the model prediction, indicating that user crowdworkers are exposed to a very limited heterogeneity
experiencing longer loading times, and interestingly longée.g., single device/browser), are not carrying on a browsing
survey appearance times, are more likely associated in tueivity (e.g., A/B testing uses videos) and are not asked about
prediction with thenegative answetabel. Moreover, plot in their satisfaction but about other metrics as a proxy (e.g.,
Fig. 13 also highlights the aws of the model, showing thaivhich video nished rst?). We argue that lab/crowdsourcing
for none of the features there is a clear abrupt detachmemperiments and collection in the wild shouddexist

between low and high values around 0, and instead low featuréOn the one hand, we stress that while A/B testing is a
values are almost always implying both posive and negatinecessary step, it is however not sufcient. Survey data in
SHAP values.The main takeaways of this analysis are thattfijs paper seems to suggest that metrics that are considered as
the top-15 features belong to the performance class, whickstate-of-the art for Web QoE, seems to be ultimately poorly
consistent with theMl output shown in Sec.lll-C, and thatcorrelated with the experience of real Wikipedia users. In
(ii) Furthermore, despite the documented in uence of HTTRurn, it also follows that lab/crowdsourcing experiments should
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diversify the type of user feedback: e.g., the fact that a ugension between accuracy vs generality of QoE metrics and
is able to notice which video nishes rst (which uPLT models: on the one hand, it seems rather challenging to capture
metrics attempt to model), does not imply that he woulthe rich diversity of over one billion pages with a single QoE
grade that Web rendering process as positive (or the rendenngdel, so that it may be tempting to develop website-speci c
corresponding to the other video as negative). models, as it is our focus here; on the other hand, it may be
On the other hand, we are aware that part of the challengesssible to develop models for groups of websites that sharing
in real-world experiments comes from diversity and varianceimilarities in their underlying structure (e.g., picture-dominant
it follows that surveys such as those we are carrying ors text-dominant sites; interactive vs static pages; etc.), which
should be keptunning continuouslyas it is commonplace remains an open question to date.
for VoIP applications that regularly poll their users for a
QoE opinion. Operating continuously would lower barrierBer-server vs per-device statistick this work, we did not
for further experiments [66], empower website operators widxplicitly leverage time-series of server-related operational
a very relevant performance indicator for their service, immetrics, as these are gathered live at minute-timescale on
forming them in near-real time about impact of new featurdarometheus [69] but are not readily available on the Hive
deployment. Additionally, long-time surveys allow to collecplatform [70]. At the same time, the raw load on during
signi cant volumes of data to keep ameliorating models fathe considered period appears too low in practice to have an
user prediction in spite of high variance and heterogeneitynpact so signi cant to affect user satisfaction.
Moreover, there exist other QoE in uence factors that we Conversely, given that mobile browsers performances are
did not include in this study, like the sentiment linked to theigni cantly dependent on the handsets, as already shown
topic and the content of the page or more information aboigt [6], [5] and con rmed in this work, collecting per-device
the context in which the measurement is carried out, as thgtistics seems a mandatory step to ameliorate prediction per-
earlier user browsing experience. These undoubtedly havefarmance, as “computation activities are the main bottleneck
important impact, that is however hard to capture. when loading a page on mobile browsers” [5]. Unfortunately,
average per-device performance we considered in this work are
RSI: not needed, or not enoughConcerning Web user QoE not telling enough, as they merely report the resournsper-
metrics, this study seems to suggest a poor discriminatigeund(i.e., CPU and RAM capacity) as opposite to Hwtual
power of the RUM Speedindex (RSI) so as to predict usesgateof the device (i.e., free RAM and available CPU cycles)
scores, at least for Wikipedia users. In part, this may be duerresponding to the page view that the user answered about
to the structure of Wikipedia pages (where, e.g., text maywhich could hopefully ameliorate prediction performance.
be more prevalent that in other pages in the Alexa top-100
typically considered in similar studies, see Section Il). This
nevertheless raises the question so as to whether it is possible
to (i) design metrics that are better t to the spatial structure of In this paper we engineer, collect, analyze and predict user
the page, or (ii) metrics capable of better weighting the focssirvey scores pertaining to the quality of their Web browsing
of user attention, and at the same time (iii) raises questiogperience. Out of over 1.7 million queries, we gather over
about the accuracy vs generality of QOE metrics. 62k answers corresponding to either positive (84.8%), neutral
As for (i), we are currently improving the system to als§7.7%) or negative (7.5%) experiences. Associated to each an-
collect navigation timing statistics for speci ¢ elements thaswer, we collect 115 features, part of which we make publicly
are believed to be important for Wikipedia, such as the “timavailable taking care of rendering user deanonymization and
to the top image”. This is a good compromise between calontent-linkability as hard as possible.
lecting the whole waterfall (which is impossible in operational The main takeaways in our analysis are that users are
settings) and could yield to metrics that are website-speci@nsistently satis ed, and that scores do not exhibit seasonality
(losing generality), but better correlated with user experieneg circadian or weekly timescales, which is unexpected. Quite
(gaining discriminative power). surprisingly, scores are also not affected by network-related
As for (ii), we are aware that more complex approacheyents (e.g. data center switchover) happening during the pe-
involving spatial dimension (i.e., eye gaze) also exist [13{iod, nor by Wikipedia-related events (e.g., banner campaigns
[12]. However, including the spatial dimension in the usdhat alter the page rendering) nor by known browsers events
perception is hard to capture in the lab, and challenging {a.9., Chrome 69 rst paint regression). Additionally, we nd
the wild: a good starting point would be to leverage mous#hat scores are, as expected, heavily in uenced by user-level
movements as a proxy of eye gaze activity (which are knovexpertise and equipment (e.g., device, OS and browser), as
to be strongly correlated [67]), and that can help furthevell as network and country-level characteristics (including
re ning QoE metric in the spatial direction (e.g., by addingiccess technologies, ISP and economical factors). Interest-
the knowledge of whether the rendered element is under fhgly, scores are not affected by the Wikipedia page size,
user gaze). Additionally, mouse-movements can capture uger by the device price (unless economical factors are also
anxiety which further reduces the user viewport [68]. Clearlyyeighted in).
further research is needed on whether user-touch can be usef@oncerning user score prediction, perhaps the most impor-
for similar purposes in case of mobile handsets. tant (and equally disturbing) takeaway is that it is surprisingly
Finally, (iii) previous work [20] already has pointed out éard to predict even a very coarse-grained indication of user
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satisfaction. This can be tied in part to the lack of morg1] X. zhang, S. Sen, D. Kurniawan, H. Gunawi, and J. Jiang, “E2e:
informative indicators in our dataset (such esntentand
contextfactors that are known to affect user QoE), and also
raises a number of interesting questions and challenges for the

whole community.
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