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ABSTRACT

In recent years, ISPs in mature residential broadband markets have
been moving away from flat-rate pricing schemes to ones that in-
volve usage limits (or "data caps"). These changes have led to a
lively debate about the merits of data capping. While previous work
has studied the theoretical benefits of data capped pricing models,
there is relatively little work that provides insights into exactly how
to design data capped tariffs, and their impact on the parties in-
volved, i.e., ISPs and their broadband subscribers. In this paper,
we formulate the problem of selecting optimal data capped tariffs
based on a simple, extensible model of ISP costs and revenues,
and a novel model that captures how users evaluate a set of offered
tariffs. We show that the problem is NP-Hard and describe two
heuristics that provide reasonable solutions. We also describe an
approximation algorithm that yields bounded solutions. We apply
this framework on a novel broadband usage dataset collected from
real-users and examine the cost-benefit impact of data capping for
various cost regimes that reflect different regional markets around
the world. We find that in highly competitive markets with rela-
tively high traffic costs, data capping can indeed help the ISP to
manage costs while resulting in a more equitable per unit data cost
across the users. However, in the absence of meaningful competi-
tion or when traffic costs are low, data capping largely benefits the
ISP and is to the detriment of subscribers.

Categories and Subject Descriptors
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1. INTRODUCTION

Flat rate models, where subscribers pay a fixed monthly price
independent of actual usage, have traditionally been the dominant
pricing model in many residential broadband markets and this by
virtue of appealing to both providers and subscribers. Subscribers
find the predictability of a fixed monthly bill compelling and easy
to understand. At the same time, service providers benefit by do-
ing away with complicated accounting systems. However, in re-
cent years, a significant number of ISPs are moving away from
such models towards those that involve usage limits or “data caps”.
Here, a subscription plan is associated with a data usage (traffic vol-
ume) cap over a time interval (typically the billing period). When
the data cap is exceeded, the provider applies an overage policy
to the subscriber and this can range from lowering or degrading the
service levels, charging block price increments, or even interrupting
the service. While usage limits have long existed in certain regions
with poor network connectivity (e.g., S.E. Asia, Africa), their adop-
tion in highly connected, mature markets is a recent trend. Some
notable examples include Verizon and Comcast in the US, Belga-
com and Deutsche Telekom in Europe. The rationalization offered
by providers while introducing such pricing plans largely centers
around managing increases in bandwidth costs, caused by increas-
ing traffic demands on their networks from online video stream-
ing [1] or BitTorrent traffic. However, these pricing changes have
led to a consumer outcry against the practice of data capping [2, 3],
arguing that the practice is unfair ' and hinders new innovative ser-
vices.

While both sides present valid arguments, the actual merits of
data capping, or the lack thereof, depend on a host of factors that
vary by region — broadband competition, subscriber behavior, tran-
sit and capacity prices, and so on. Despite the fact that there has
been considerable work applying economic theory to the issue of
data caps, the investigations have either focused on examining the
theoretical benefits of data capping [4-7], or quantitatively evalu-
ated the benefits for a pre-specified set of data capping tariffs [8,9].
There has been relatively less work in understanding exactly how

'Some service providers often exclude their own bandwidth inten-
sive Video-on-Demand service from the data caps.



a provider should design a data capped pricing structure, and how
the provider (and subscribers) will fare as these behaviors and costs
change over time (or from region to region). Such an investigation
is critical to cutting through the rhetoric that exists today and in-
forming the current debate on exactly who benefits from the prac-
tice of data capping. To carry this out, we need a valid mecha-
nism to identify a set of feasible tariffs, which takes into account
the ISP’s cost structure the motivation and behavior of subscribers;
however, identifying such a mechanism is challenging for the fol-
lowing reasons. First, ISP cost structures are typically confidential
and not (easily) available to the research community. Second, sub-
scribers may be unpredictable (or even irrational), which makes
modeling behavior difficult at a high level. Lastly, the tariffs must
be evaluated on a realistic and sufficiently fine-grained dataset of
broadband usage in the context of various regional cost scenarios.
In this paper, we present an initial attempt to tackle these chal-
lenges. To address the first, we design the Tariff Formulation Prob-
lem that marries a simple, extensible model of ISP costs and rev-
enues to a model that captures user utility in a framework that can
select a set of optimal tariffs. We show this problem to be NP-Hard.
Subsequently, we identify two heuristics and an approximation al-
gorithm that yields bounded solutions. The TFP framework enables
a quantitative analysis of the impact of introducing data capping on
both providers and subscribers. To overcome the last challenge,
we leverage a dataset of detailed traffic usage data obtained from
260 subscribers of a large European ISP. Collating traffic pricing
information from several sources, we synthesize a variety of re-
gional markets and investigate the impact of data capping in each.
Our work in this paper combines strong theoretical contributions
with a careful empirical data analysis from real ISP subscribers.
The results we present provide valuable insights in the current data
capping debate and clearly differentiate situations in which data
capping can indeed help users, and those in which the imposition
of data caps largely benefits the ISPs bottom line at the cost of sub-
scribers. The main contributions of this paper are summarized as
follows.
1) We analyze a dataset of 260 ISP subscribers and investigate the
merits of data capping (which limits data volume) as a mechanism
to reduce traffic rates (which affect network traffic costs). We find
that aggregate data usage of subscribers is proportional to their con-
tribution to the ISP’s peak rates (and costs). This establishes that
under certain conditions, moving to a data capped regime can lead
to transit and capacity cost reductions for the ISP (§4).
2) We study the problem of determining optimal tariffs (price, speed,
data cap) for an ISP. Using simple and intuitive models of user be-
havior and ISP costs & revenue, we formulate the Tariff Formation
Problem (TFP) and show that it is NP-Hard. We present a set of
three algorithms, one of which is an approximation algorithm that
yields solutions with bounded performance (§5).
3) We examine various cost scenarios reflecting various regional
markets around the world and, evaluate the impact of moving from
flat-rate pricing to a data capped model. We find that ISPs are able
to use data capping to indirectly reduce network costs only in mar-
kets with relatively high transit and capacity prices. In the best case
scenario — with traffic prices near 1€/Mbps, and with 8 tariffs —an
ISP can improve their bottom line by 23% by instituting caps, and
with a small net change in subscription revenues (less than 5%).
In competitive markets where traffic prices are low, ISPs gain rela-
tively little from instituting data caps (they have more to lose from
customers departing). On the other hand, a lack of competition
reduces the probability of subscribers departing, which allows the
ISP more freedom in instituting caps — even when traffic prices are
low (§6).
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2. RELATED WORK

There is a large body of existing work that has investigated usage-
based pricing — data-capped models are a specific instance — from
the perspective of economic theory [4-7,10-13]. The general con-
sensus across these works is that, in theory, data caps are overall
beneficial to both service providers and subscribers: they can raise
the ISP’s revenue, alleviate cross-subsidization across services, and
potentially reduce network congestion. In our work, we take these
benefits as theoretical possibilities and seek to assess, quantita-
tively, how the ISP is affected by adopting data caps and by ex-
ploring a number of cost scenarios that reflect markets worldwide.
In order to do so, we first construct a framework to actually de-
termine the appropriate data caps for a set of cost structures (and
a subscriber population). Our work is also novel in that we per-
form an empirical evaluation using a fine-grained broadband usage
dataset from real ISP subscribers.

There have been a few efforts related to ours that provide an em-
pirical analysis of data capped pricing plans in residential broad-
band markets [8, 9, 14]. However, our own work is different in
the several respects. The work in [8, 9] evaluates the effect of a
given set of data caps that are taken as inputs; in contrast, one of
the main contributions of our work is a mechanism to design op-
timal data capped tariffs, which we then evaluate on a number of
different market conditions. In contrast to the datasets presented
in [8, 9], the dataset used in this paper spans different access tech-
nologies and speed tiers, allowing us to contrast behavior across
these populations. Finally in [14], the authors propose a scheme
where access-rates are capped at certain times, rather than aggre-
gate data usage. While such an approach is potentially interesting,
it has not yet been adopted by any ISPs to date.

While data capped pricing plans have recently become popu-
lar in mature markets, they are the most common offerings of al-
most all mobile cellular providers today [6], possibly due to spec-
trum scarcity, and very high costs of deploying new infrastructure.
In [15], it is shown that usage limits on SMS, voice and data can
inflate the difference between revenues and costs by a factor of 2
without a significant erosion of the subscriber base. A more recent
work has also shown that a wireless provider obtains a higher rev-
enue with usage-based (or flat-rate) time-dependent scheme if the
capacity is insufficient (or sufficient) [16]. Finally, previous work
has looked at the issue of pricing in Internet transit markets [17].
In our own work, apart from the focus on a different market (res-
idential broadband), we go beyond setting tariff prices and extract
tariff sets which requires an optimal distribution of data caps across
speed tiers in conjunction with fixing the price.

3. BACKGROUND

In this section, we first provide a very brief overview of the res-
idential broadband market and the popular pricing models seen to-
day. Subsequently, we describe the broadband usage dataset of real
users that we leverage to understand the impact of data caps.

3.1 Pricing in Residential Broadband

There are three dominant access technologies for residential broad-
band available today — ADSL2, Cable and Fiber. ADSL and its
variants reuse legacy twisted pair copper wire meant for fixed line
telephony. The latest ADSL2+ deployments offer capacity up to
24/1Mbps (downstream/upstream), but the speeds degrade quickly
with increasing distance from the and performance is adversely im-
pacted by distance from the local point of presence. Newer vari-
ants, e.g., VDSL offer significantly higher capacity (~100 Mbps)
by shortening the local loop (and using alternative technologies
for back haul). Cable broadband networks deliver data over the



coax cable TV infrastructure (the access network is shared by sub-
scribers behind a cable head end), offering download speeds of up
to 42.88 Mbps, with emerging standards promising rates upwards
of 100 Mbps. Finally, residential Fiber Internet service covers a
range of technologies that transmit data over fiber optic cables at
speeds that exceed the other technologies.

Independent of the access technology, there are two dominant
pricing models in existence. With flat-rate pricing, the ISP charges
a fixed, typically monthly price, allowing for unlimited use by the
subscriber. Such flat-rate models have so far been predominant
in residential markets (particularly in the western hemisphere). In
contrast, data capped pricing models associate a subscription price
with a usage limit (the data-cap), and apply an overage policy when
this limit is exceeded. To illustrate one such policy, AT&T, Com-
cast and MediaCom charge increments of $10 (for each S0GB of
data used above the cap). Data caps are typically specified monthly;
however, some ISPs (e.g., CableOne) are even experimenting with
daily usage limits. In both models, it is common for providers to
offer several speed tier offerings (downstream/upstream speed lim-
its) at different prices. Often, ISPs offer several data cap choices
for a given speed tier (with suitable price differentiation). Finally,
additional services — VoIP, Television, Home Automation, etc. —
are often bundled together with the basic broadband connectivity
service. Subscribers enjoy a small cost benefit from the bundling
and in return, increase their affinity to the ISP (which benefits the
latter).

3.2 Dataset Description

The broadband usage dataset used in this paper was collected
from 260 residential gateways over six months of normal operation
(Oct. 2013 - Mar. 2014). Each subscriber gateway” corresponds
to a single billing address, and thus a single home network. The
260 subscribers in our dataset were all enrolled in triple-play ser-
vice offerings (i.e., Broadband, IPTV + VoIP), but vary in the ac-
cess technology and speed tier. The subscribers in our dataset were
part of a voluntary trial deployment wherein an additional software
module was added to the ISP provided home gateway. This module
extracted a set of low level traffic usage counters that were times-
tamped and sent to a back end server approximately every minute
where it was recorded into a database. Among other things, most
relevant to this paper, the counters recorded the number of incom-
ing (and outgoing) bytes and packets seen at the home gateway to
WAN interface.

While the subscribers in our dataset were enrolled in triple-play
packages, our empirical analysis only focuses on the Internet broad-
band service, so the prices we consider are based on what the un-
bundled service would have cost a subscriber. Table 1 presents
a summary of the subscriber population in our dataset, across the
different service tiers; the adjusted monthly monthly subscription
price is indicated with each tier. Our dataset has the following
salient properties: (i) it is temporally fine-grained (1 minute sam-
ples), which allows us to understand traffic demand — individually
and in the aggregate — over short time scales, (ii) by extending to
six-months, it is unlikely to be biased by any short term variations
in subscriber behavior (vacations, seasonal effects, etc.), (iii) it in-
cludes subscribers from different tariffs and access technologies,
allowing us to contrast behavior across these populations. While
our dataset captures behavior from a relatively small population
(the actual ISP has in excess of a million users), we do see a great
deal of variability in data usage across subscribers (even within the
same tier). Furthermore, we compare our dataset against a much

"o

2We use “subscriber", “home",
ably.

gateway" and “user” interchange-

Access  Speed Tier(r¢) Mbps  Monthly Price(pt) € % Subscribers

ADSL 24/1 21.94 34.8
Fiber 30/3 25.20 53
Fiber 100/10 33.33 59.9
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Table 1: Tariff plans for all the subscribers in our dataset. The ISP cur-
rently only offers flat-rate tariffs.
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Figure 1: Tail Distribution of Monthly Data Usage for Dec. 2013.

larger dataset, which has been made available by FCC Measur-
ing Broadband America program [18]. In Figure 1, we plot the
tail distribution of monthly data usage (in gigabytes) seen across
the 260 subscribers for one particular month (we observed similar
statistics for the remaining months). The shape of the distribution
closely resembles the one presented in the FCC study (cf. chart 24
in [18]). Overall, the FCC statistics indicate that the data usage is
slightly higher than observed in our dataset; we believe this can be
explained by the penetration of online video streaming services in
the US (Netflix, Hulu, etc.), which did not exist in Europe at the
time of this study.

4. DO DATA CAPS WORK?

Putting aside some of the arguments about why data capping is
finding favor with ISPs, does it even work as a mechanism? That
is, can an ISP reduce traffic costs by imposing data caps on users.
At first glance, it does not appear to be the case. On the one hand,
traffic costs, particularly at transit and peering links are generally
tied to rates. For example, transit (traffic) payments are based on
the 95%-ile of rates, computed over 5 min. intervals, seen over a
month (we denote this Pys). Capacity upgrades are often triggered
by sustained, upward shifts in the peak traffic, i.e. the 100%-ile of
the traffic rates in the ISP’s network. On the other hand, data caps
have the effect of limiting the aggregate traffic volume of the ISP
over a long period (usually a month). Thus, instituting data caps
may not necessarily lower the transit and capacity cost. Moreover,
it may not target the right users. Consider two subscribers with
the same monthly data usage, but very different behaviors. One
of them may create traffic only in the peak times and thus bears a
higher traffic cost than the other. Data caps penalize them both!

To understand the prevalence of such cases, we examined the
correlation between a subscriber’s monthly data usage and its im-
pact on the traffic costs of the ISP. The latter metric is computed as
follows: we first aggregate traffic across all the users and compute
the Pys statistic for each month. Then, we identify all the 5 min.
intervals where the aggregate traffic rate exceeds Pos. We call these
the peak traffic windows and the peak traffic volume is the volume
of traffic across these windows. Each subscriber’s traffic cost con-
tribution is simply the ratio of the traffic volume that she generates
(in the peak traffic windows) to the peak traffic volume of the ISP.
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Figure 2: Relationship between subscriber’s (monthly) data usage
and contribution to ISP peak traffic (and costs).

Figure 2 is a scatter plot across the subscribers in our dataset
which shows the subscriber monthly data usage (on x-axis) against
their traffic cost contribution for the month of Dec. 2013 (on y-
axis). Surprisingly, we find a strong linear relationship that extends
several orders of magnitude, and across all the different service of-
ferings. We obtained similar results in all the other months and we
omit these due to a lack of space. As captured in Fig. 2, the more
data a subscriber consumes over the month, the higher his contribu-
tion to the traffic cost becomes. This relationship may be explained
by the fact that most subscribers (typically) tend to use their devices
at particular times of the day (evenings, nights and weekends) and
these periods coincide with the peak traffic windows. While this re-
lationship might not hold for some kinds of application usage (for
e.g., heavy bit-torrent users), it is likely to apply for typical appli-
cation usage. Importantly, video streaming — which drives much
of the traffic demand today — requires user engagement with the
device, and this can happen only at given periods in a day. The
takeaway from this analysis is that imposing data caps would on
average limit the monthly data usage of a subscriber, and conse-
quently, his contribution to the traffic cost. Thus, under certain
circumstances, implementing data caps could possibly reduce the
traffic cost burden of an ISP (this can be a significant cost).

Figure 2 also comments on the unfairness inherent in flat-rate
pricing. The monthly data usage spans two orders of magnitude
across subscribers. Importantly, this holds inside each service class,
particularly in Fiber/100/10 and ADSL/24/1, which are the domi-
nant populations. This wide disparity in usage, even as all users in
a service class pay the same monthly price (with flat-rate), implies
that subscribers bear different “costs” for the ISP; typically, heavy
users cost the ISP more than light users. In order not to suffer from
having to service the heavy users, the ISP has two choices: (i) in-
crease the costs uniformly so that no subscriber leads to a negative
gain for the ISP, or (ii) spread the higher cost from heavy users
across the lightweight users. The former approach risks losing cus-
tomers while the latter is inherently unfair. Clearly, flat rate pricing
cannot lead to a scheme that is fair and satisfactory to all parties. In
contrast, a pricing model with differentiated data caps, i.e., where
subscribers with a type of service are offered multiple data caps (at
different prices), reduces the inequity across subscribers.

Summarizing, in circumstances that cover most kinds of sub-
scriber application usage, data caps can be a feasible mechanism
to reduce the traffic volume, and also the traffic rates needed to be
supported by the ISP. However, the overall cost benefit is likely to
depend on a number of factors — subscriber behavior, bandwidth
unit costs, ISP competition, and so on. In the next section, we in-
troduce a model and a tariff computation framework that allows us
to understand the cost impact of imposing data caps over a range of
traffic pricing scenarios.
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S. DETERMINING DATA CAPS

We formulate the Tariff Formation Problem (TFP), which takes
as input (i) a set of subscribers with their current tariff prices, (ii) a
set of cost parameters and (iii) a farget number of tariffs and which
returns a set of tariffs, each defined as a triple (speed tier, data cap,
price). We show that TFP is NP-Hard and describe two heuristics
and an approximation algorithm. The solutions obtained reflect vi-
able choices for an ISP trying to balance subscription revenue with
network costs. However, in real life, an ISP may have to balance
a number of other considerations — some very long term — when
selecting tariff offerings and so we consider the tariff solutions we
obtain to establish a lower bound.

5.1 The ISP Model

We model an ISP that has a set of subscribers, A'. Each sub-
scriber n€N selects a particular tariff ¢ from a set of tariffs, 7,
where T' = | 7. Each tariff ¢ represents a triple (p;, r¢, x¢), where
p¢ is the monthly subscription price (Table 1, column 3), r; is the
speed tier (Table 1, column 2), and x; is the associated data cap.
The speed tier r; is selected from a finite set of tiers, £. Finally, x;
is selected from a finite, possibly large set X. We make two sim-
plifying assumptions: (i) subscribers do not exceed the data caps
associated with the tariff selected (this allows us to ignore the ef-
fect of ISP overage policies); (ii) a subscriber can select any one of
the offered tariffs, even though in practice all the offerings may not
be available to them (e.g., fiber access may not be available in rural
areas).

The (network) cost of serving traffic in a residential broadband
network has two main components: (i) capacity and infrastructure
costs, which includes all costs related to networking equipment,
last mile access, power, etc., and (ii) transit costs, paid for the frac-
tion of traffic going through upstream transit providers. In general,
there are a number of other considerations that may come into play
— sunk costs relating to last mile infrastructure upgrades, building
and personnel costs, and so on. However, we expect these costs
to be less dynamic and managed on far slow(er) timescales (over
years). On the other hand, the transit and capacity costs are affected
each month by the behavior of subscribers. Our model mainly fo-
cuses on these, noting that the sunk costs can be captured by an
additional constant factor (when amortized over a long enough pe-
riod of time).

We then define the residual (or balance) of an ISP, denoted J,
as the net difference between incoming subscriber revenue and the
outgoing costs associated with serving the subscribers.

J=> (p+D:) — C(D) — G(D)
teT

ey

Dy is the number of subscribers that choose ¢ € 7T at a price
pt. Thus, p¢-D; represents revenue from the single tariff ¢. We
denote the demand vector across tariffs as D = (D;). The func-
tions C'(D) and G(D) capture the capacity and transit costs, re-
spectively. In the following, we first discuss a way to model the
demand vector D and subsequently describe the cost functions for
transit and capacity.

5.1.1 Subscriber Demand

Previous efforts at modeling subscriber utility have considered
speed tier and data caps individually. For example, the work in [19,
20] considers subscriber utility to be logarithmically related to the
speed tier and this is based on the principle of diminishing returns.
Users that stream movies regularly are able to watch higher qual-
ity videos with higher access speeds, but only up to a point (the
video bit rate is bounded); after this point, the utility increases very
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Figure 3: Utility function for two users (S1, S2) realized for a single
speed tier 7.

slowly or not at all. Furthermore, users that carry out very different
activities (e.g., video streaming and web browsing) are like to value
high speed tiers very differently (web browsing quality is not im-
proved with higher access speeds). Considering data caps, the work
in [9, 21] considers utility to be quadratically related to them until
a certain saturation point. Intuitively, each subscriber typically has
a finite (possibly large) set of activities that she may wish to carry
out over a period of time — watch movies or videos, stream mu-
sic, video chat with friends and family, and so on. These activities,
which are limited by the time available to the subscriber, and can
be associated with a certain data need. Having data caps that are
significantly larger than this need, is not likely to be more valuable
to the user. In our work, we combine these two factors, speed tier
and data caps, and construct a utility function governed by three
user parameters: (i) a scaling parameter a,, that captures how dif-
ferent people evaluate a fixed amount of resource, (ii) a parameter
bn, that specifies the slope of the logarithmic function for the speed,
and (iii) a parameter c,, that determines the saturation point for data

usage.
Based on these, we define the utility of user n for tariff ¢ as:

x4?

Un(t) = an~10g(bn~rt+1)~(cn2~zt——2) :0< 2z <cn
() =
an~log(bn~rt+l)~(% 1Tt > Cn
2

For a fixed speed tier ¢, utility increases with the data cap z;, un-
til z; = ¢y, and flattens out beyond this value. Moreover, Uy, (t) =
0 if 7, = 0, since all users need some bandwidth (even if small).
Similarly, for a given cap x:, utility increases as r; increases and
where the shape of this increase is controlled by the parameter b,.
To illustrate this, we depict the utility functions for two subscribers
S1 and S2 (for a single speed tier, r;) in Figure 3. Here, S1 and
S2 have identical values for b,, and only differ in the parameters
an and c,. Here, based on their respective utility functions, S1 is
willing to pay at most 10€ for a 10GB cap while S2 is willing to
pay at most 15€ for a 100GB cap. If the ISP were to impose a data
cap less than 10GB (for S1) and 100GB (for S2), their individual
utilities would decrease. In order to assess demand for a particular
tariff, users are assigned to particular tariffs, and we consider two
distinct families of demand functions, deterministic and stochastic
logit, that allow D to be reconstructed for every t€7 .

Deterministic demand model: In this model, a subscriber n € N
is interested purely in maximizing his surplus, defined as U, (t) —
pt. The surplus is the gap between how much a certain tariff is
worth to the user and how much the ISP charges for it. Thus, sub-
scriber n will pick tariff ¢ as arg max, - (Un(t) — pt).
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If the surplus is negative over all offered tariffs, i.e., the price
of every offered tariff is higher than the subscriber’s willingness
to pay, then the subscriber leaves the ISP. To simplify the notation
when dealing with a large set of subscribers N, we define the bi-
nary decision gn ¢, such that g, ; = 1 if subscriber n selects tariff
t, and 0 otherwise. Then, q = (qn,t : nEN,t € T) is the tariff
selection vector.

There are two shortcomings with the deterministic demand model.
First, it assumes that subscribers always are rational and driven by
self-interest which may not be the case in real life. For e.g., a sub-
scriber may desire to stay with a higher priced tariff even if equally
suitable, cheaper tariffs are available [4], or else may choose to stay
with the ISP even if there is no tariff with positive surplus because
the cost of switching ISPs is high [22]. Second, the deterministic
model does not capture ISP competition. In non-monopoly mar-
kets, a subscriber may depart for a competitor if the price or conve-
nience is better than the status quo. The logit model, widely used
in econometric demand estimation [23] and also applied previously
towards modeling Internet transit pricing [17], can model such un-
certainties.

Logit demand model: This stochastic model defines a probability
distribution over the set of offered tariffs, where the probabilities
depend on the individual utility functions. Thus, the probability
that subscriber n selects the tariff ¢ is given as:

eun(t)—pt

N dver (eun(D=Per) tc

Note that unlike in the deterministic model, a subscriber could
have a non zero probability associated with more than one tariff.
In Eq. 3, cis non-negative constant that incorporates the notion of
competition in the ISP market. In a monopoly market, ¢ = 0 and
Zt T Sn,t=1, Vn, and each subscriber will pick one of the offered
tariffs. However, when ISPs compete, ¢ > 0 and ZteT Snt <
1, the probability that the subscriber n will leave the ISP is given
by 1— ZtET Sn,t. 1t should be pointed out that ¢ does not count
the number of competing entities, but simply captures the level of
competition. In general, higher c is associated with a larger risk of a
subscriber departing to a competitor. Finally, with the logit model,
we describe demand for tariff ¢ simply as the sum of probabilities
over subscribers: Dy Zne/\f St

5.1.2 ISP Network Costs

We now describe how we model and estimate the actual cost
functions for transit and capacity. Note that in each case, we take
the unit price(s) as parameters; we elaborate on this further in Sec-
tion 6.

Transit Cost: Of the total traffic generated by the subscribers of a
residential ISP, a fraction 0< f<1, goes from the ISP network to-
wards one of its transit providers; these essentially sell connectiv-
ity to the rest of the Internet. The particular value of f depends on
several factors such as ISP size, geographic area, user demograph-
ics, and so on. For example, f is around 0.3 in the case of some
Japanese ISPs, while it can be as large as 0.8 in parts of Africa [24].
Transit providers charge their customers on the Pys rate and with
a unit price of ¢, €/Mbps that is negotiated between the parties.
Stanojevic et al. observed an increase in Pgs with measured total
data usage up to a saturation point [24]. This may be explained
by noting that increased cumulative traffic usage is likely to be dis-
tributed in time, and contribute marginally less to Pgs which de-
pends on volumes during peak periods. With this insight, we can
model the transit cost as a concave function of the total data us-
age of subscribers. Given that the total traffic volume of the ISP is

©)
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bounded by the sum over all subscriber caps, we consider that tran-
sit traffic is a concave function of the data caps. One such function
is the following:

Pos = f-d-log(>_ Dy ) )

teT

Here, d is a positive (scaling) constant that relates volume to rates.
We estimate this term by extracting the summation term in Eq. 4
for each month of data in our dataset, and fitting this to the values
of Pys which is also extracted from the data. Finally, the network
transit cost function is:

G(D) = tp'ng, (5)

Network Capacity Costs: ISPs typically provision core network
capacity to satisfy peak demand (with a small over-provision fac-
tor) to ensure that utilization stays under a threshold. Based on
anecdotal evidence and informal discussions with some providers,
we believe this threshold to be between 50—70%. As traffic de-
mand shifts upwards over time, the utilization starts to approach
the threshold which forces the ISP to carry out capacity upgrades
and network expansion in the core. Note that this is quite differ-
ent from last mile upgrades, which tend to be expensive and are
planned a long time in advance. We denote the average utilization
as v, and the unit cost to carry traffic as c¢,. Note that this is pegged
to the peak traffic level [13,25]. Since the total network traffic is
bounded by the cumulative data caps, the capacity cost is likely to
scale proportionally with the latter:

C(D):%”-g-ZDt-mt
teT
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where g is a positive (scaling) constant and is again estimated by
curve fitting the relevant variables using data from several months.

5.1.3  Tariff Formation Problem

We now formulate the exact problem of designing data capped
tariffs, using the model expressed in Eq. 1 and the utility function
described in Eq. 2. Our goal is to identify a finite set of tariffs which
maximizes the balance in Eq. 1, for a given set of per-subscriber
coefficients a,, b, and ¢,. First, we describe the formulation as-
suming the deterministic demand model. Subsequently, we show
how this can be extended to the stochastic logit model. The TFP is
expressed as:

Jmax > (pe - De(a)) — C(D(a)) - G(D(@)) @)
T e
st qnt - (Un(t) —pt) = gne - (Un(t)) —pw),Vt' #t,m € N(S)
Gn,t - (Un(t) —pt) >20,Yn € N )
Y i <1L,VneN (10)
teT
pt > 0,70 € Loxe € X, qne € {0,1},Vt €T, neN
(11)

Here, q is the tariff selection vector. Eq.8 ensures that sub-
scribers pick tariffs that maximize their surplus (as prescribed by
the deterministic model) and Eq.9 guards against the possibility of
selecting a tariff that yields negative surplus (which implies the sub-
scriber leaves the ISP). Finally, Eq.10 forces subscribers to pick at
most one tariff. The remaining constraints defined in Eq.11 con-
strain the feasible ranges for the optimization variables. For conve-
nience, we denote the solution to TFP as OPT(TFP).
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The optimization setup for the logit model is largely similar. The
tariff selection vector, with the associated constraints defined on it,
are omitted and Dy is redefined based on the distribution realized
by sn,:. Given the similarity, we omit a complete description.

Note that TFP contains both continuous (e.g., p;) as well as inte-
ger (e.g., r+,x¢) variables and this leads to a non-linear optimization
problem which usually lack efficient solutions. By mapping it onto
the well known Maximum Independent Set Problem (MISP) prob-
lem, we formally prove that it is NP-Hard; the proof is provided in
the Appendix. Besides, since it is NP-Hard to approximate MISP
within an exponential to the number of vertices multiplicative fac-
tor away from the optimal solution, the mapping indicates the inap-
proximability of the TFP problem as well. Thus, it is impractical to
try to obtain optimal solutions when the subscriber populations are
large. A common approach for solving integer programming opti-
mization problems is to develop the linear relaxation of the original
problem which is more tractable. In the next section, we derive this
form and then describe two heuristics based on it. Since the lin-
ear relaxation & rounding procedure may deteriorate the quality of
the solution of the above heuristic algorithms in an uncontrollable
manner, we also present a third algorithm of different philosophy
that produces solutions which are provably within an additive gap
from the optimal one. We refer to the latter as an approximation
algorithm.

5.2 Heuristic and Approximation Solutions

To obtain the linear relaxation (LR) form of TFP, we consider
L as an ordered set and convert the integer variable 7; to a binary
vector (74,1)iec: here, ry,; = 1 if the speed-tier of the tariff ¢ is the
[-th element in £, and r;; = 0 otherwise. Additionally, we restrict
each tariff to be associated with a single speed tier by imposing
an additional constraint, V¢, 1‘2‘1 r¢,y = 1. The LR form of TFP,
which we denote LTFP, is obtained by relaxing the constraints on
z and 7¢,; and allowing them to take on continuous values. LTFP
can be solved with computational efficient algorithms (e.g., branch
and bound methods), and we denote the optimal solution to this (re-
laxed) formulation as OPT(LTFP). Note that, by ignoring the inte-
ger constraints, OPT(LTFP) can often produce infeasible solutions
that overestimate OPT(TFP) which is hard to compute. Thus, it of-
fers an useful comparison point for algorithms that yield feasible
solutions, and we describe two such approaches in the following.

Naive Algorithm: This heuristic starts by obtaining a solution to
OPT(LTFP) and the greedily rounds all the speed tier variables in
one step. It operates as follows:

1. Solve OPT(LTFP)

2. For each ¢, picks the speed tier with the highest (fractional) so-
lution 74, VI

3. Solve OPT(LTFP) a second time, but restrict the r variables pre-
viously picked to be equal to 1, and zero elsewhere

4. Rounds each of the computed = values to the nearest value in
X, and assign each subscriber n to the tariff t', which satisfies

t' = arg max(Un(t) — pr),if Un(t') —p(t) >0
t

Sequential Rounding algorithm (SR): This heuristic operates by
assigning tariffs to the speed tiers one by one, at each step taking
into account the subset of tariffs already assigned to a speed tier in
previous iterations. Thus, it carries out 7" iterations, successively
building up each tariff, and each iteration proceeds as follows:

1. Solve for OPT(LTFP).



2. Pick the pair (tariff t’,speed tier 1’) with the highest (fractional)
solution among all the r4; V¢,

3. Setry;r = 1 and ry; = O for all other levels [ # I

4. Restrict the solution to the LTFP at the next iterations to pre-
serve the above rounded (binary) values of r.

After T iterations are completed, all the r4 variables will be
restricted to a binary value. Then, we again solve the restricted
LTFP and round the computed = values to the nearest feasible
value in X’ and assign subscriber n to the tariff t', where

t' = argmax (U (t) — pe), if Un(t') —p(t') >0
t

In practice, both Naive and SR lead to feasible solutions that can
be close to the optimal, but this is not guaranteed. Such a property
might be unsatisfactory for an ISP diligent about reducing costs
(via data caps). To this end, we describe a hierarchical algorithm
which provides solutions with tunable approximation ratios. The
following description assumes the deterministic demand model.

Profit Participation Algorithm (PPA): This algorithm is inspired
by the model described in [26] and works by solving OPT(TFP) for
a carefully chosen subset of the subscribers. To begin with, PPA
defines ) as the cartesian product of £ and X i.e., all the speed
tier, data cap combinations and denotes p, as the price associated
with ye). Next, it defines a distance metric between subscribers
which is given as:

dnm=max |Un(y) — Um(y)|, ¥n,m € N'
yeY

PPA takes the set of subscribers, their respective data usage(s),
and two parameters € > 0 and 0 < 7 < 1, and operates as follows:

1. The set of subscribers N is partitioned such that for n, m in
the same cluster, d,,,m < €. In other words, the clustering assigns
subscribers with similar utility to the same cluster.

2. A single “stereotype” subscriber, denoted n;, is selected from
each cluster i. Thus, the set {n;} represents the set of all stereo-
types. Note that {n;} is typically much smaller than \/.

3. OPT(TFP) is solved for the set {n;}. This is feasible even with
exhaustive search methods given that {n; } is typically small. Sup-
pose the solution assigns subscriber n; the tariff (p¢, ¢, z+). Based
on the definition of ), we can denote as (1, z:) = y € Y and p;
to be the price of y (py).

4. Foreach y € ) where a price was assigned, PPA discounts the
price by a factor that is controlled by 7 parameter:

P; =py — T (py — costy)

where cost, is the cost to the ISP (based on transit & capacity cost)
of assigning a subscriber to y.

5. For each (non-stereotype) subscriber n, PPA assigns her to the
tariff ', where

y'=arg max(Un (y)—py), if Un(y')—py >0
yey

The quality of the solution obtained from PPA is controlled by e:
large values lead to fewer clusters and a faster, but less optimal so-
lution; but as e — 0, PPA generates a larger number of stereotypes
and the solution approaches the optimal case (at higher computa-
tional cost). Note that € effectively bounds the distance between
elements in the same cluster. We implement PPA with agglomer-
ative hierarchical clustering [27], which explicitly incorporates a
distance threshold. PPA returns solutions within 2 - (7 + Z€) - N
of the optimal.
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Theorem 1 If Popr is the optimal solution of the TFP problem, N
the number of subscribers, € is the largest difference in subscriber
utility in any cluster, and T is the discounted factor, then the ISP
balance of the PPA algorithm is at least Popr — 2 - (T + %) -N

The proof is based on a reduction to the Screening problem that is
described in [26]; the validity of this reduction is presented in the
Appendix [

Notice that for small values of € and N, the term 2 - (7 + Z€) -
N is also small, and hence the worst case performance of PPA is
very close to the optimal one (Pop7). However, as the number of
subscribers (IN) or the distance between the elements in the same
cluster (e) increase, the term 2 - (7 + %) - N increases as well,
which deteriorates the theoretical worst-case performance.

Importantly, PPA requires hard assignments of subscribers to tar-
iffs and thus can only be used in conjunction with the deterministic
demand model. In contrast, Naive and SR are agnostic of the un-
derlying demand model and can be applied to both. To distinguish
the two models, we use the Naive-det and Naive-logit (similarly
with SR) to denote the combination of heuristic algorithm and de-
mand model. In the next section, we apply the three algorithms
described above against our dataset to obtain a set of tariffs which
are compared against the bound established by OPT(LTFP).

6. IMPACT OF DATA CAPPING

In this section, we evaluate the impact of moving from a flat
rate price structure to one with data capped tariffs. The evaluations
cover a number of regional cost scenarios, which lead to an under-
standing of how the impact varies in different regions and markets.
Overall, we find that ISPs can extract more value by implementing
data caps, but this heavily depends on transit and capacity prices.
In the best scenario, an ISP can improve its bottom line by 23% by
offering 8 different data capped tariffs with a very small increase
(<5%) in subscription revenues. Importantly, we show that setting
data caps naively can actually lead to a net loss for the ISP. In the
rest of this section, we discuss these results in detail; we begin by
describing the parameters used in the later evaluations.

6.1 Evaluation Setup

To guide the set of tariffs generated by the algorithms, we con-
strain the parameters related to speed tiers and data caps as follows.
The set of speed tiers, £, is identical to the current offerings seen in
our dataset i.e., {24/1Mbps, 30/3Mbps, 100/10Mbps}. We vary the
available data caps from 10GB to 200GB, with 5GB increments.

Next, we describe how to extract the utility coefficient parame-
ters, an, by, and ¢, which are introduced in Eq. 2. To start, we make
the assumption, motivated by the work in [17], that each subscriber,
in the current flat-rate offering, evaluates the tariff exactly equal to
the price p; they currently pay for it (Table 1). This is reasonable,
since the user would probably have switched providers if this were
not the case. Then, replacing the left side of Eq.2 with p, yields:

Dt
an = o
log(bn -1¢ + 1) - (cn - e — %)

The coefficients in this equation are determined as follows:

r¢: This is taken as the speed tier currently being subscribed by the
user.

x¢: Since the flat-rate plan ¢ allows for unlimited use, i.e. ¢
400, we use the expected data usage of the subscriber instead, and
we derive this as the average traffic volume for the subscriber, over
all the months in the dataset.
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Figure 4: Data cap pricing balance gains over flat-rate.

bn: This captures how a subscriber evaluates speed tiers. Large
values reflect an indifference to speed tier variations, while low
values reflect that the subscriber is affected by changes in speed
(e.g., someone that frequently watches video). In our dataset, we
suspect users with high traffic volume to have low b,, values and
lightweight users to associate with high b, values. To reflect a
range of behavior, we partition the subscribers into four bands based
on their average traffic volume, i.e., <10, 10—30, 30—100, >100
(GBs) and these groups are assigned b,, values of 1000, 100, 10
and 1 (respectively).

cn: This parameter captures how much data volume a subscriber
may need. We assume that this is bounded by the maximum data
usage over the dataset for a subscriber and set it to the largest value
(monthly usage) seen over the dataset for the subscriber.

6.2 ISP Impact

We use the notation .J¢ (J°) to represent the solution to Eq.1
in a flat rate (data capped) setting. Our main evaluation metric in
this section is gain, defined as the difference J°—J7 which is the
improvement in the ISPs bottom line when data capped pricing is
adopted.

Throughout, we adopt the transit and capacity cost functions de-
fined in Eq. 5 and 6 respectively. Unless otherwise specified, we
set the parameters: f = 0.66 and ¢, = 1 as in [24], ¢, = 10 and
v =0.7asin[13,25] and ¢ = 1 asin [17].

We first investigate the question of how many tariffs are needed.
Figure 4(a) plots gain as a function of the number of tariffs (7).
We find that across all the algorithms (save for Naive), there is an
improvement in gain as the number of tariffs are increased until
T = 8. This can be explained by the fact that adding an extra tariff
increases the number of price/byte offerings; this slightly increases
the likelihood of some subscribers getting higher utility with the ex-
tra offering. However, once 7" “matches" the heterogeneity of data
usage, additional tariffs are unlikely to improve subscriber surplus.
While in general, the results obtained by using the deterministic
model cannot be quantitatively compared with those obtained us-
ing the logit demand model, we consolidate these in Fig. 4(a) to
preserve space. We do note however, that the two families yield
similar results for SR and Naive (there is no logit equivalent for
PPA). In the following discussion, we focus mainly on the results
from the deterministic model.

Looking at Fig. 4(a), we find that S R consistently produces more
beneficial solutions compared to Naive. This is likely due to the
differences in how they assign speed tiers to tariffs. Naive per-
forms a “one-shot” assignment, while SR iteratively improves the
solution obtained at each stage. Importantly, note that N aive, with
T'<5, has negative gain, i.e., the ISP does worse after instituting
data caps. Examining this carefully, we uncover that with 7°<5,
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most of the plans are (myopically) allocated to the higher (more
expensive) speed tier(s) since user utility increases with speed, ig-
noring all else. However, the higher prices make it less likely for
subscribers to find a suitable tariff, and they leave. The ISP can
only counter this by lowering prices across tariffs (reducing the rev-
enue). These conflicting factors result in the ISP being worse off
with data caps. The key takeaway here is that tariff selection is non
trivial: simplistic solutions may not extract value from subscribers
effectively. Finally, we see in Fig. 4(a) that PPA and SR—Det
return solutions that are qualitatively similar and are also approach
the OPT(LTFP) solution (labeled as LR), indicating that these are
quite close to the optimal solution of the TFP problem.

To understand the intuition about why increasing tariffs improves
gain, we examine two tariff assignments in detail. Table 2 enumer-
ates the tariffs selected by PPA for T=3 and T = 10. When
T = 3, each speed tier is allocated one data cap. In fact, this sce-
nario reflects the system where operators — Comcast, for example
— apply a single (uniform) data cap for each speed tier. However,
when 7' = 10, a higher fraction of data caps are assigned to the
100/10 Mbps tier. In our dataset, the subscribers in this speed tier
exhibited the most variation in monthly data usage (over the other
2). By allocating more tariffs to the tier with the most variation,
PP A increases the likelihood of subscribers finding maximal sur-
plus tariffs. The overall gains are dictated by the number of sub-
scribers that are able to identify such tariffs amongst the offerings
(and staying with the ISP). Given that PP A is the best performing
scheme, we focus the rest of the discussion on the results for PP A
withT = 8.

Recall that with PP A, the solution quality (and computational
complexity) depends on the required number of clusters, which is
a parameter to the algorithm. Fig. 4(b) plots this (on the x-axis)
against two different terms on the y-axis — gain on the left y-axis,
and € on the right y-axis (this parameter controls the approximation
bound of the obtained tariff solution). When the number of clusters
is less than 12, PP A actually returns solutions with negative gain.
We believe this is due to the number of clusters being unable to
capture the heterogeneity of the subscriber population. However,
with larger number of clusters, the extracted tariff solutions have
positive gain. The relationship between the number of clusters and
€ is consistent with this observation. Lower values of €, which de-
termines the tightness of the clusters, force it to find solutions that
are closer to the optimal, and this necessitates a higher number of
clusters (and hence complexity).

PP A requires only 8 tariffs for the ISP to improve its gain by
23%. This is significant, and comes without requiring any capital
expenditure from the ISP. However, in practice, ISPs may not be
willing to use more than a few tariffs in order to make their offer-
ings simple to understand. Subscribers may face significant cogni-



Speed tier 24/1 Mbps 30/3 Mbps | 100/10 Mbps
T=3
Cap(GB) 45 55 70
Demand(%) 322 7.8 60
Price(€) 21.8 25.32 33.8
T=10
Cap(GB) 15,40 20, 60 20,25,35,50,80,100
Demand(%) 9.55,17.73 1.82,5 16.36,15,11.82,10,8.18,9.09
Price(€) 21.8,22.65 24.58, 26.55 32.51,33.41,34.1,34.75,35.22,35.75

Table 2: Data cap pricing tariffs when 7" is 3 and 10 (PP A algorithm).

tive dissonance is choosing between a large number of tariffs [28],
which works against the ISP. Thus in practice, ISPs may choose
to use fewer tariffs (than are optimal) and thus not realize the full
possible benefit in order to attract (or retain) customers. A detailed
analysis of these interactions is outside of the scope of this paper.

Dissecting the gains: The ISP can improve its gain by adopting
data caps due to two factors: (i) by reducing traffic costs (transit
and capacity), or (ii) by pushing users to more expensive tariffs
(higher speeds and/or caps). While much of the recent arguments
offered by ISPs in moving to data capped schemes center on the
former, both of these factors are important and we find evidence
of both even as the relative effects vary by region. We start by ex-
amining two extreme cases for transit prices in Figure 4(c), which
presents the breakdown of ISP gain in two different markets. The
parameters used are as enumerated in the beginning of the section.
In the first market (on left) with ¢,=1€ and the second market (on
right) with ¢,=10€. On the left, transit is plentiful and cheap and
hence effective transit costs are low, 50% of the gain from mov-
ing to data caps is realized by lowered capacity costs, 48% is con-
tributed by increased revenue from users going to more expensive
tariffs, and only about 2% of the gain is contributed by the low-
ered transit costs. We contrast this with the scenario on the right,
where transit is ten times as expensive. Here, 10% of the gain is
contributed by lowered transit costs, and this is for the exact same
subscriber and traffic composition. Thus, we can generalize this
to say that when traffic prices (transit or capacity) are low, the ISP
gains relatively little by reducing traffic volume (which is what caps
accomplish), making it more likely that the ISP will look elsewhere
to balance the increased costs (e.g., increasing tariff prices signifi-
cantly for heavy users). On the other hand, when traffic prices are
high, the ISP is able to reduce its cost overhead significantly by
lowering the traffic. A related observation is that transit (and ca-
pacity) costs affects the undesirability of heavyweight users to the
ISP. With low transit prices, ISPs are less sensitive to heavyweight
users: with the transit cost at 1€, we find 1% of subscribers leave
the ISP when data-capped, while this grows to 5.2% when the tran-
sit price is 10€.

The transit cost settings used in Figure 4(c) may seem contrived,
but in fact, they are very much in line with prices reported today.
Table 3 is a compendium of network cost parameters reflecting var-
ious regional markets around the world, and were assembled from
several sources [24,29-31]. The second column in the table indi-
cates the unit price for transit traffic, and column 3 represents the
transit fraction of total traffic for a sample ISP in the region. The
remaining two columns indicate the overall gain with using 7" = 8
data capped tariffs (under two capacity cost regimes); we return
to this shortly. Examining column 2, we find tremendous variabil-
ity across ISPs depending on the size, geography, and the number
of available transit providers. For e.g., an ISP in rural Texas re-
cently reported transit prices over 50$ due to a lack of competition
in the local transit market [29]. We also uncovered examples of
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o balance gains(%)

. transit price tp transit fraction f cp=0.1 cp=10
Region (€ per Mbps) (%) (€ per Mbps) (€ per Mbps)

NY 0.5 66 10.2 19.6

UK 2 66 11.6 20.8

Tokyo 3 33 10.9 20.2

Sao Paulo 6 66 14.8 24.1

Rural Texas 50 66 26.5 334

Sub-Saharan 100 80 36.1 38.2

Table 3: Traffic cost parameters and ISP gains in various markets.

extremely high transit prices in sub Saharan Africa and small is-
land nations [30]. Thus, the cost examples used in Fig. 4(c) reflect
prices well inside what can be found today. In the following, we
examine transit and capacity prices independently and analyze how
gains vary in each case. We do this independently because these
prices are not necessarily coupled: some regions may have very
good intra-region connectivity, but sparsely connected to other re-
gions, and vice versa. The last two columns of Table 3 summarize
the overall ISP gain for two extreme capacity price points.

In Figure 5(a), we look at the impact of varying transit prices on
the ISP gains. We fix T=8, ¢,=10€, and f=0.66. As expected,
when transit prices are high, data caps benefit the ISP by reduc-
ing the aggregate traffic, and hence G(.) — the transit cost. When
the unit transit price is greater than 1€, the ISP stands to improve
its bottom line by at least 20%. The gains are less striking when
transit prices drop below this price point. In fact, most markets in
the US and Europe today have transit prices that are sub 1€ and
in such markets, data capping is not likely to noticeably impact the
ISPs bandwidth costs (even if traffic rates decrease). On the other
hand, in markets with high transit prices — parts of South America
and S.E. Asia, Africa, etc. — moving to a data capped model signifi-
cantly lowers the traffic costs for the ISP and benefits subscribers as
well. This observation is consistent with the fact that data capped
pricing plans have existed for a long time in such areas.

In Figure 5(b), we look at the impact of changing capacity prices
on ISP gain. While we expect this to qualitatively follow the same
behavior as seen with transit prices, the actual costs have minor
differences (a log factor, cf. Eq.5 and Eq.6). Again, ISP gains from
data capping steadily increase as the unit capacity prices increase,
and thus, data capping becomes a more viable tool to manage costs
as the capacity costs increase. Unlike with transit prices, where
regional prices are sometimes available, capacity costs are much
harder to discover (ISPs consider them confidential). Typically, we
expect capacity prices to be slightly lower than transit; the latter
is likely to have a small margin since it is offered as a service. In
any case, our evaluation covers two orders of magnitude in capacity
prices, and we believe most markets fall somewhere into this range.

Deterministic vs. logit: Turning now to the logit demand model,
we first note that the algorithms Naive—logit and S R—logit per-
form very similarly to the deterministic case as seen in Fig.4(a).
This is because the logit model assigns users probabilistically to
tariffs, based on their utility. When computing tariffs for each user,
they eventually get assigned to the tariff associated with the highest
probability. Hence the users are mapped to tariffs in a manner that
largely mimics the deterministic model. One of the salient features
of the logit model is that it allows us to investigate the impact of
competition, captured by the parameter c in Eq.3. In monopoly or
duopoly, as is the situation most US markets, an ISP may be able to
set data caps (alternatively, set prices) aggressively — without fear
of losing subscribers. On the other hand, in markets with a large
number of competing providers, such as in most of Western Eu-
rope, small pricing tweaks may result in subscribers departing the
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Figure 5: Data cap pricing balance gains over flat-rate with varying transit price, capacity price, and competition.

ISP and this is likely to make the ISP more risk averse. In Fig-
ure 5(c), we examine various levels of market competition for four
cost settings. Recall that the numerical value of ¢ does not reflect
the number of competitors; it simply characterizes the intensity of
competition. As c increases, we find that more subscribers leave
the ISP when data caps are imposed and the net impact varies with
the cost scenarios. When the traffic costs are high, and as observed
previously, the ISP can afford to “shed” customers up to a point.
Even with high competition (¢ = 5), the ISP still finds a positive
gain with ¢, c, = 10€ and the gain decreases as the traffic costs
drop. Thus, overall, the impact of data capping to an ISP’s bottom
line is also affected by the level of competition in the market. In
many cases, ISPs often use incentives such as service-bundling or
promotional pricing to retain customers to counteract the increased
competition.

While putting these results into perspective, we point out an im-
portant assumption in our methodology — the monthly price paid
by subscribers (between 21—33€) goes entirely toward the capac-
ity and transit costs borne by the ISP. In reality, only a small frac-
tion of this is likely to used toward traffic costs, with a much larger
fraction is likely to be toward cost factors not easy to uncover —
leasing costs, salaries, etc. If the evaluations were to be carried out
with more detailed and fine grained cost structures, we expect the
economic gains from data capping to be much more striking.

6.3 Subscriber Impact

We now examine data capping from the viewpoint of individual
subscribers. Figure 6(a) plots the distribution of the difference in
monthly subscription prices (p;) between a flat rate pricing scheme
and a data capped scheme, across all the subscribers. We observe
that roughly 25% of the subscribers see a net (small) reduction in
their monthly bills. These generally correspond to the lightweight
users that pay a disproportionately high cost per unit of data usage
in the flat-rate setting. Note that cheaper tariffs associated with the
lower end of the data capped plans are likely to attract new cus-
tomers to the service and increase revenue — a side effect that we
cannot model easily from our dataset. Thus overall, data capping
can benefit the (potential) subscriber with modest needs by lower-
ing costs. In our dataset, 18% of the users have a significant in-
crease (>2€ per month) in the new scheme. These particular users
correspond to the most heavyweight users; and who are willing to
pay more for increased speed or data cap (as captured by the utility
function). The remaining users are charged almost the same or a
slightly higher price with a data capped tariff structure. We do note
that some users may choose to modulate their behavior (download
less rather than pay more) when faced with steeper charges. How-
ever, such behavior is very challenging to model, and we leave that
as an open question.
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Next, we compare the fairness between flat rate and data capped
pricing. In a completely fair scheme, subscribers would pay propor-
tional to their actual data usage (all subscribers pay same unit cost).
Comparing two pricing schemes, the fairer one would exhibit less
variance in this unit cost across subscribers. Figure 6(b), plots the
distribution of the ratio of price paid/usage over all the subscribers
for the two pricing models. As can be expected, we observe smaller
price/byte variations among the users under caps. The most visual
case is for the heavy users (area in CDF near zero) who shift to
the right, since they are forced to pay more for maintaining their
data usage or they are capped. The standard deviation of price/byte
among subscribers drops by 1€ under caps. Thus, our empirical
results validate some of of the existing theoretical benefits of data
capping for subscribers [4-7,10-13].

7. DISCUSSION

In this section, we revisit some assumptions made in our model
and methodology and also describe some extensions to our work so
far.

Cost model: The profit and cost model we use is relatively simple.
Making it more realistic would involve obtaining accurate and fine
grained cost structures from an ISP. However, even this might not
be quite enough given that there is a great deal of subjectivity in
how costs are applied (and over what time frame). To use an exam-
ple: consider the real estate cost of housing the networking equip-
ment. Some buildings are owned outright, some are rented, and
some are obtained using public funds or support (as is the case for
national carriers in some countries). Another example is the cost of
manning the help desks that users call into — staffed by a combina-
tion of salaried full time and temporary personnel. This is often a
large expense to ISPs and the outlay depends on the expected vol-
ume of service calls. In such cases, the month-to-month amortiza-
tion is unclear and open to debate. Our simple model avoids such
issues and importantly, it captures how the nominal profits/costs
depend on subscriber behavior.

User utility: The utility function we use leverages previous work
to describe (user) satisfaction entirely in terms of the speed tier and
usage allowance. While we believe it to be reasonable, it may not
be universal (some users who are extremely price sensitive might
not tolerate any price hikes). In addition, we consider that each
subscriber can pick any speed tier that is offered; this is not the
case in reality: rural subscribers may not have access to a faster
fiber service and cannot switch to it. Yet another shortcoming of
our model is that it assumes users can upgrade/downgrade speed
tiers easily; in reality, the switching cost might be non-trivial, or
there could be other dissuading factors [4,9]. Finally, our work
ignores the impact of particular overage policies when data-caps
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are exceeded. We plan to investigate other utility functions and
extend our models to account for overage policies in future work.

Alternate pricing models: Our empirical findings hint at two ex-
tensions to current pricing models. Recall that subscriber traffic
volume correlates with their impact on transit and capacity costs.
Given this, it is interesting to imagine time-based pricing models
(such as those being discussed in the context of “smart grid”) to
incentivize users to shift their elastic consumption (file downloads,
etc.) to off-peak times. This could reduce the ISP costs (by driving
down the peak traffic) and these savings could be passed on to sub-
scribers. This model has been previously studied in a theoretical
framework [32], so fine-grained usage data such as in our dataset
could provide empirical validation.

8. CONCLUSION

In this paper we investigate the issues surrounding data cap-
ping in residential broadband networks. To this end, we develop
a methodology that yields a set of optimal tariffs, taking a set of
cost components and a population of subscribers. This framework
builds upon a simple, extensible model of ISP costs and a model
that relates subscribers’ utility to bandwidth speeds (speed tiers)
and data caps. The developed framework enables to examine the
relative benefits, for providers and their subscribers, of moving
from flat rate pricing (the predominant model in most western broad-
band markets) to data capped pricing models, and to understand
these benefits (or the lack) as traffic costs change.

‘We then apply the framework to a novel dataset that captures fine
grained, broadband data usage from a set of 260 ISP subscribers.
By referencing traffic prices that reflect different broadband mar-
kets around the world, we are able to identify the particular condi-
tions when moving to a data capped pricing model is beneficial to
an ISP, in the sense of limiting bandwidth costs. Overall, we find
that data capping can be an effective mechanism for ISPs to reduce
their costs only when transit and capacity costs are relatively high.
On the other hand, when these costs are relatively low, data cap-
ping is not a very useful mechanism to balance bandwidth costs. In
addition, the level of competition directly influences the outcome
of data capping; in competitive markets, data capping may not be
effective in managing costs as subscribers may leave the service
and reduce the incoming subscription revenues. Our work in this
paper is a first attempt to enable ISPs or policy makers to obtain
quantitative insights of the impact of data capping.
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APPENDIX
Lemma 1 The TFP problem is NP-Hard.

PROOF. We prove the NP-Hardness of the TFP problem by re-
duction from the Maximum Independent Set Problem (MISP), which
is NP-Hard. Given a graph G = (V, £), where the sets )V and & de-
note the vertices and the edges, a maximum independent set is the
maximum-sized set of non-adjacent vertices. For any instance of
MISP, we construct the following equivalent instance of TFP:

For each vertex v € V, we create a tariff described by the pair of
speed and cap (7, &, ), with cost that is independent of the demand
and equal to the degree of v (d,). The price of the tariff is equal to
1+ %, where + is an arbitrarily small positive constant. Thus, the

ISP benefits by offering the tariff (7, z,) iff it is picked by at least
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Figure 7: An example of the reduction from the MISP with 5 ver-
tices (tariffs) and 5 edges (users). Vertex labels denote the costs
and the prices of the respective tariffs.

d, subscribers. Finally, we create one subscriber per edge e € &,
who obtains arbitrarily high utility from each tariff (r,,z,) such
that v is an adjacent vertex to e; otherwise zero. The TFP problem
asks for determining the subset of tariffs to offer to the users.

Given a solution of value k - v to TFP, one can find a solution
of value k to the MISP instance. This is because, this TFP solution
specifies that exactly k tariffs of the form (r,,z,) are offered by
the ISP, each one of them picked by all the d, subscribers corre-
sponding to an adjacent edge to vertex v, who pay in total d,, + 7.
Since, the cost for offering a tariff (7., ) is equal to d,,, the ISP
benefits by v for each one of the k tariffs that it offers, and the
solution value is & - . But, recall that each offered tariff (r,, )
corresponds to a separate vertex v, and these vertices must be non-
adjacent, since each subscriber can pick at most one tariff. Thus,
there are k non-adjacent vertices in G.

Figure 7 describes a simple example. There exist 5 possible
pairs of speed and cap (tariffs) with costs {1,2,2,2,3}. The ISP
balance-maximizing policy is to offer 3 out of 5 tariffs to the sub-
scribers (those that correspond to the marked vertices). The prices
per tariffare {1+ 3,1+ 3,1+ 3,1+ 3,1+ 3} O

Screening Problem: The “Screening problem” [26] commonly
refers to the case that a seller offers a menu of item-price speci-
fications to a buyer or a continuum of buyers. The buyer’s item
preferences depend on her private type b € B, while the seller
only knows the probability density function f(.) of it. The evalua-
tion of the buyer of type b for an item ¢ € Z is equal to V (b, 7).
The seller wishes to find the menu M C T of items to offer
and the prices p(i), Vi € M aimed at maximizing her profit:
> ven f(0)(p(y(b)) —c(y(b)), where y(b) denotes the item picked
by the buyer of type b and cost; is the production cost of item i.
The buyer of type b will purchase the item y(b) in M such that:

V(b,y(b)) — p(y(b)) = V(b,5) — p(4), ¥ pairs (4, p(5)) € M.

Theorem 1 The TFP problem is polynomial-time reducible to the
Screening Problem.

PROOF. Consider an instance of the TFP problem defined by the
set of subscribers A\, the possible tariffs £ x X, the utility functions
U and the costs C. Then, the above is equivalent to the special
instance of the Screening problem, where we set: Z = L x X,
B=WN, fb)= |—Ji,‘, Vb € B,V (b,i) = Un(t) and cost; = C(t),
where type b corresponds to a subscriber n and item ¢ corresponds
to a tariff t. [





