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Abstract—Device-to-Device (D2D) content delivery is an emerg-
ing approach, where end-user devices exchange content with
other end-user devices in communication range, instead of
retrieving content from an operator’s infrastructure. This way,
the operator network can be offloaded from congestion caused by
the transmission of popular content, and the content consumer’s
quality of experience may increase. However, D2D content
delivery is only effective in situations where a device in proximity
has the requested content available, which is more likely to
happen with popular content in crowded areas. The availability
of content in communication range of a consumer constitutes an
upper bound of the success of a D2D content delivery mechanism,
which is referred to as the potential of D2D delivery.

This paper provides a quantitative answer to the question of
this potential, and identifies the most important properties a D2D
mechanism must provide. An evaluation model is proposed and
developed, which can be applied to real-world mobile user traces
to determine the quota of content requests that could be served
via D2D content delivery. The model is applied on a dataset of
a major European Internet service provider and the evaluation
results are discussed. The paper concludes that there is potential
to deliver up to 60% of requests for popular content via D2D, if
a reliable mechanism to predict a user’s content consumption is
available.

I. INTRODUCTION

In today’s telecommunication networks, the size of re-
quested on-demand content highly increases. Especially re-
garding video content, this trend has at least begun with
the demand for high-definition (HD), and continues with the
increased resolution and frame rate of upcoming Ultra HD
videos. Because of this traffic increase, the delivery of this
high-resolution on-demand content to a consumer device more
and more becomes a major challenge. Besides the classic
client-server approach, Content Delivery Networks (CDNs) are
currently the state of the art to deliver on-demand content. IP
Multicast, which is used by many service providers to broad-
cast live video streams in their network, is often not useful
when it comes to delivering on-demand content. Besides, IP
Multicast delivery is currently not feasible for over-the-top
(OTT) content providers, as multicast techniques were not
widely implemented in the public Internet1.

However, state-of-the-art approaches for content delivery
like CDNs only insufficiently reduce load of the access net-
work, still leaving a congestion problem at this network level.

1An exception is the MBone overlay network

Peer-assisted content delivery making use of the infrastructure
may even increase the load [1]. Congestion avoidance is
especially crucial for mobile infrastructures, as the shared
wireless medium may become a bottleneck in situations of
increased content requests.

Device-to-Device (D2D) content delivery is an emerging
approach, where (commonly mobile) consumer devices like
smartphones, tablets or laptops transfer content between them-
selves, instead of receiving it over a mobile operator’s access
network. This way, it is targeted to offload infrastructure-based
networks from traffic caused by delivering popular on-demand
content, thus mitigating congestion and delay issues.

However, D2D delivery has limited effect in certain situ-
ations. To retrieve content via D2D communication, a high
content popularity is required, as well as a sufficient device
density in proximity. Only the presence of both criteria makes
it likely that there is a device in proximity serving the content.

First, this paper quantifies the potential of D2D content
delivery. The potential is defined as the upper bound of the
actual delivery success, caused by the fact that there must be
a content provider in range. The D2D potential is of high
importance to justify and motivate further research and devel-
opment related to D2D communication. Secondly, an answer
to the importance of prediction and caching properties on the
success of the D2D delivery mechanism is provided. Thirdly,
the implications of how D2D interactions are distributed over
time are investigated.

The paper starts with introducing and explaining the pro-
posed evaluation model in Section II. The input data format,
the method of obtaining data, the evaluation algorithm and the
simulation setup are introduced in Section III. The results that
were obtained by applying the proposed model on the given
dataset are shown and discussed in Section IV. Before this
work is concluded, Section V gives an overview over related
studies in mobile networks and relevant work on D2D content
delivery.

II. EVALUATION MODEL

The evaluation method that is used in this work applies a
model of D2D content delivery on a real-world dataset. The
dataset was obtained from a large European mobile Internet
service provider, comprised of anonymized cell association
data of mobile devices. Because of privacy concerns, the user’s
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content requests were not used, instead, a content consumption
model was applied.

Given position traces of mobile device users, we evaluate
the quota of successful D2D deliveries like if the users in
the trace data had used D2D content delivery in reality, by
applying a valid model of a D2D delivery mechanism. This
section explains and discusses the model, after stating and
justifying several assumptions. These assumptions are deduced
from plans for further research on D2D delivery.

Assumption 1: We use a one-hop delivery model. This
means a device can retrieve content only from devices in direct
communication range which have this content already stored
for own purposes. There are no selfless or artificially rewarded
intermediate devices that relay content for others. However,
our model allows selfless caching after content consumption
to be able to provide content to direct neighbors afterwards.

Assumption 2: We assume a “perfect” prediction mecha-
nism for content consumption, however, bounded by a max-
imum possible prediction duration tp. The mechanism is
perfect in the sense that for every content request at time
t, the consumption can be predicted by the mechanism in
the interval of [t − tp, t], and, for every point in time t
where a content consumption is predicted, the content will
be eventually requested between [t, t + tp]. Informally, every
content request which is at most tp in the future is predicted,
and there are no false predictions. Such a perfect prediction
mechanism can only be designed for e.g. regular updates,
but not for content consumption triggered by user behavior.
However, the goal of this work is to evaluate the potential
of D2D, while leaving the problem of content consumption
prediction for further research. Prediction mechanisms used
for prefetching [2] [3] may be candidates for usage in D2D
content delivery mechanisms as well.

Assumption 3: We assume two devices are in D2D com-
munication range to each other, if they are in the same cell.
On the one hand, according to the Hidden Node Problem, the
assumption does not always hold. However, it can be shown
that for equally-distributed devices in an area, the effect of
this problem is approximately compensated by the number
of devices which are in communication range to each other,
but in different cells. On the other hand, in the last sentence,
we assumed approximately equal communication ranges of all
physical links. But in reality, the range of a mobile base station
may be larger compared to the communication range of our
physical layer used for D2D content delivery, e.g. IEEE 802.11
(WiFi). However, upcoming technologies like LTE Direct may
provide D2D communication ranges up to 500 meters [4],
comparable to urban cell sizes [5] [6].

A. D2D Content Delivery Model

As mentioned, our model assumes a prediction mechanism
which can tell if the user consumes a certain content item
(video/audio file, application) in the future. In our model, a
prediction can be made at most tp before the time of the
content consumption treq (Figure 1 1©). This time interval
is called the prediction phase. After treq, the content remains
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Fig. 1. Illustration of a request in our model, with a given prediction duration
and cache lifetime. By default, a request can be predicted for tp (orange/light
bar), and the request is cached for tc (blue/dark bar).
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Fig. 2. Illustration of a successful D2D content delivery for Device d, based
on our model.

in the device’s cache for tc until it becomes unavailable for
others (the caching phase 2©).

In our model, a request of a device for content is the point in
time where the user wants to actually consume the content, i.e.
when it is needed. Given a device d making a request req(d)
for a content item at time treq(d) (Figure 2 3©). If, at any
time2 tenc in the prediction phase of req(d), a device e was
in communication range (proximity) of d 4© which requested
the same content 5© and is in the caching phase of the request
for this content at the time tenc, then:

• A D2D content delivery for the request req(d) is assumed
to be successful.

• The caching phase for req(d) starts earlier 6©; it does not
start at treq(d) but at tenc. This is because in a successful
D2D transfer, the content is assumed to be transferred at
the first time the devices are in proximity, and remains
in the cache until requested (and longer). If the above
condition is fulfilled by multiple devices e or at multiple
points in time tenc, the caching phase starts at the earliest
tenc (the D2D mechanism exploits the first opportunity
to obtain content).

Otherwise, the D2D transfer is assumed to be not successful,
as there is no device in range having the content cached. The
caching phase then still starts at the time of request, as in this
case the content is assumed to be retrieved on-demand via
infrastructure. In either case, the content is stored for tc after
the request.

Given this evaluation model, several cache times can be
evaluated per successful D2D request, as illustrated in Figure
3. The Provider Cache Time (PCT) is the time the content
has spent in the providing device’s cache until the exchange
happens. The Altruistic PCT (APCT) is the time from the
providing device’s own content request until the exchange.

2tenc may be informally described as a point in time where d “encounters”
(is in communication range of) another device, which may have or may not
have the content
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Fig. 3. Illustration of several time definitions of a content request req(d)
which could be successfully served via D2D.

If the exchange happens before the provider’s own content
request, the APCT is defined as 0. The Consumer Cache
Time (CCT) ranges from the time of the D2D exchange to
d’s content request req(d).

B. Proximity Model

As already mentioned, it is assumed that devices are in
communication range, if they are in the same mobile cell.
This is an approximation to real-world scenarios, as two users
in the same cell may be in range of the cell base station, but
not in range to each other. This assumption was justified in
Section II. No exact positioning (e.g. GPS) is used, as it is
too privacy-sensitive, hard to anonymize, and hard to obtain.

In the input data explained in Section III-B, no continuous
join/leave information is given, instead the position dataset
provides location samples upon several events. Because of this
and due to evaluation complexity considerations, the proximity
model is sampled into slots of q = 10min. As a consequence,
in our model, we assume two devices are in communication
range, if they are in the same cell during the same time slot.

III. INPUT DATA AND EVALUATION SETUP

The evaluation conducted in this paper on the one hand
makes use of on real-world position data, which were obtained
from tracing users of a large mobile network operator; on the
other hand it is based on a content consumption model that is
applied on these users. The evaluation component was initially
planned and is capable of running on real-world content con-
sumption data, however the collection of these would require
deep-packet inspection and would arise serious privacy issues,
not to mention necessary difficult anonymization efforts.

A. Required Position Data Format

The position samples are based on a user’s cell associations.
At frequent time intervals, the data set needs to contain
information for every user being associated to a specific cell.
In a database or CSV format, it is comprised of the following
fields:

• The current time. Must be accurate, can be relative (e.g.
0 = start of experiment).

• A user ID. The ID should be anonymized by using e.g.
any random unique number for a user. The user ID should
not change during the entire experiment for the user.
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Fig. 4. CDF of the number of different cells a user is in, and the number of
different users which are in a cell during the whole measurement.
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Fig. 5. CDF of the total number of events related to a user and cell during
the whole experiment.

• A cell ID. The ID uniquely identifies a mobile base
station. The cell ID should also be anonymized like
the user ID, so that no geographical information can be
deduced.

B. Position Data Used

The input position data of mobile devices were collected
in one of the larger cities in the south of France. The data
collection started on March 4th and ended on March 19th 2015
(0:00h), thus lasting for 15 days. The dataset was comprised
of ca. 450 million anonymous cell UID samples of 1.2 million
anonymized users.

Figure 4 summarizes the number of different cells a user has
joined and left, as well as the number of different users every
cell contains, both during the whole data collection period. On
the one hand, it can be seen that half of the users were in 20
different cells, and that 20% of the users joined and left 100
different cells or more. On the other hand, half of the mobile
cells served for more than 5000 different mobile users during
the experiment.

For every device in this dataset, a sample was generated pe-
riodically every 3 hours, whenever there is a handover during a
connection, as well as upon connecting to the network. Figure
5 depicts the number of events per user or cell. We can see that
a large part of the users only generated a small set of samples,
much less than even a periodic location update would produce
during the measurement period, like device users which are
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Fig. 6. CDF of the distances between successive samples related to the same
user.
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Fig. 7. Artificial samples (non-filled circles) are created after measured ones
(filled circles). Example of a device changing between three cells.

visible only a short time. As the measurement only covers
a small area of France, this may be caused by commuters
entering or leaving, or transit traffic passing through this area
(cars, trains).

In the cumulative distribution function in Figure 6, which
depicts the the distances between two successive events of
the same user, we can see the effect of the periodic location
update. This effect is visible at 3h (6h and 9h, if an interme-
diate location event was missing, e.g. due to a disconnection).
However, most events are shorter apart than the periodic
location update (more than 95%).

When an idle device does not change cells, it would be
assumed offline by the proximity model for up to 3h − q,
although it is just idle. To fix this issue, upon a sample, we
added artifical samples in the same cell for 3 additional hours
(equidistant, with a distance of q = 10min between them), but
not longer than a possible following original sample (Figure
7).

C. Evaluation Algorithm

As there are no interdependencies between distinct content
items in the proposed model, Algorithm 1 is executed sepa-
rately for every item. It is a simplified but essential version
of the algorithm used by the software developed for this eval-
uation. It works on a queue Q of request objects (containing
all requests of all devices for the particular content item). A
request object r = (tr, tb, d, p) consists of a parameter tr
which is the time of the request, and a variable parameter

tb, which resembles the time the content item starts to be in
a device’s cache. Initially, tb = tr. The queue Q is always
ordered by the variable tb (ascending), this means it may
be reordered if it changes. d is a Boolean parameter which
expresses if this request could be served via D2D. It is initially
false, p is the device that does the request. The function
prox(t1, t2): returns a set of tuples (p, t) with all devices p
in the same cell between time t1, and t2, according to our
proximity model, and the corresponding time t of proximity
to device d.

Result: Quota of requests that can be served via D2D
d2d requests = 0;
total requests = 0;
while Q not empty do

Get first element r = (tr, tb, d, p) from Q;
for all devices (penc, tenc) in prox(tb, tr + tc) do

if there is an element r2 = (tr2, tb2, d2, p2) in Q,
where p2 = penc and tr2 − tp < tenc < tr2 then

d2 = true (Mark request as D2D-served);
tb2 = tenc (set tb to time of proximity);
(Reorder Q, if necessary);

end
end
if d = true then

d2d requests++;
end
total requests++;
Remove first element from Q;

end
quota = d2d requests / total requests;

Algorithm 1: Simplified evaluation algorithm, returning the
quota of D2D requests that could be served via D2D content
delivery

The result is the quota of possible requests that could be
served via D2D communication.

D. Content Consumption Model

As mentioned, because of privacy concerns, the real content
consumption behavior of the users was not evaluated; instead,
two different content consumption models were applied, a
linear one and a Weibull-shaped one (Figure 8). For every
user in the traces, there is a probability preq to access the
content during the evaluation period at all. These users then
consume content at randomly-distributed points in time:

According to the linear request model, the randomly se-
lected devices request the content between March 5th and
March 17th once. For each of these devices, the actual
probability of the request is equally distributed inside the
aforementioned time interval. The applied consumption model
especially describes the delivery of e.g. a software update for
a mobile platform like iOS or Android, but may be valid for
other consumption behavior, as well. For example, Chowdhury
et al. [7] find that 50-60% of video popularity peaks at the first
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Fig. 8. The Weibull and Linear consumption model’s probability density
functions.

day. However, they also find that peak popularity may occur
later, especially for certain video categories.

To better resemble a smooth increase and decay of content
popularity as well, we also consider a Weibull-shaped request
model. Its origin is on March 5th at 00:00h, and furthermore
follows a Weibull distribution with λ = 7 days and a form
parameter k = 2. These parameters were chosen to provide a
moderately increasing popularity, which slowly decreases after
its maximum, and is very small at the end of the experiment.
As an exception, the Weibull request probability between
22:00h and 09:00h of each day is zero (which shall resemble
the lack of requests at night) as well as the probability to
request content after March 17th, 00:00h (as the position data
ends one day later).

E. Simulation Implementation

The evaluation algorithm was implemented on the Java
platform and language. Java Collections and the GNU Trove
library were used to reduce complexity in map, list and queue
operations, but especially to save memory. The simulation
server was based on Ubuntu with 96GB of RAM. The evalu-
ation software was run in the Oracle JRE. An evaluation run
with 30 different sample sets of both content consumption
models, as well as all parameter variations, required around
12 days of simulation time.

IV. RESULTS

Figure 9, 10 and 11 show the quota of the requests which
could be served via D2D content delivery (further called D2D
quota)3. First of all, it can be seen that for all values of preq
used, a fundamental ratio of requests can be served via D2D
in general (around 10%-60%). The prediction duration tp is
found as the parameter with greatest influence on D2D delivery
success.

In Figure 9, the D2D quota is depicted in relation to the
prediction duration. Various curves are shown for all request
probabilities preq and content consumption models used. It can
be observed that the prediction duration (tp) has a significant,
positive influence on the D2D quota, as the quota grows

3In Figure 9, 10, 11, 13 and 14, 95% confidence intervals are depicted,
although they are relatively small.
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logarithmically with tp. However, there is an anomaly resulting
in a significantly decreased D2D success during tp ≤ 12
compared to the rest of the measured time scale. This 12-hour
anomaly could be caused by daily commuting cycles, device
users being absent from crowds over night, or users powering
off the devices when sleeping. This hypothesis is examined in
Section IV-A.

Figure 10 also depicts the D2D quota under different
prediction duration, but with curves for different cache lifetime
parameters (tc). We observe that a high cache lifetime supports
the D2D success if only a short prediction duration is present.
However, with increasing prediction duration the cache life-
time loses importance. This relation between tp and tc is also
shown in Figure 11, where the increase of D2D success with
higher cache lifetime is only relevant with tp ≤ 12h.
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For better understanding of the mentioned 12-hour anomaly,
Figure 12 shows four three-dimensional plots for different
request probabilities and distribution models. They depict the
D2D quota under different parameters of both prediction du-
ration and cache lifetime. Confidence intervals are not plotted
for better visibility, but they appear to be equal or similar to
the ones in the 2D graphs. It can be observed that either a
prediction duration or a cache lifetime greater than 12 hours
is required to bridge the “gap” introduced by the 12-hour
anomaly. The cause for it will be discussed in Section IV-A.

A first finding is that if we have a mechanism available
being able to predict at least the next 12 hours, we therefore
may reduce the cache lifetime to a minimum or may even
switch off further caching after content consumption. However,
if such a prediction mechanism is not available, we should
enable long (altruistic) caching instead (and for this, we

Daily Average, prediction duration: 3.0h, cache lifetime: 3.0h, (lin_0.1)
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Fig. 14. Like in Figure 13, but with different parameters tc = tp = 24h

require incentives for the user).

A. Daytime-Dependent Results

In contrast to the previous section which presented and
discussed summary results, this one is about how the observed
values evolve over the day. In Figure 13 and 14, various
average values for every time of day are plotted. In both
figures, the top graphs show the provider cache time (PCT), the
altruistic provider cache time (APCT) and the consumer cache



time (CCT). These average values are explained in Chapter II.
and should not be confused with the parameters prediction
duration and cache lifetime. The middle graph shows the
daytime-dependent D2D quota, while the bottom graph depicts
the relative frequency of D2D exchanges. The latter expresses
the frequency or density of actual D2D transmissions taking
place at this time.

In Figure 13 (tp = tc = 3h), we can see that the D2D quota
significantly drops at night time. Here, neither the prediction
can look more than 3 hours ahead, nor can the cache keep the
content longer than 3 hours afterwards. Between 06:00 and
08:00, the D2D quota increases again. The average consumer
cache time drops in the same time range, which means most
of the content requested was exchanged only a short time ago,
likely during an increased commuting in the morning. Because
of the small prediction duration and cache lifetime, this content
could not be exchanged the day before.

The overall D2D quota of Figure 13 is not as good as it is
in Figure 14, where the prediction duration and cache lifetime
was set to 24 hours instead. Here, the overall D2D quota more
than doubles, and is especially better over night, caused by the
possibility to fetch content the day before. Caching times do
not significantly differ during the day. It can also be observed
that with increased prediction and caching deadlines, more
D2D exchanges (bottom graph) tend to happen in the morning.
This is caused by a greedy content exchange behavior: Given
that the consumption is predicted, every device tries to use the
first chance to exchange content with another device having the
content. This may lead to peaks at the beginning of crowded
events, or at the start of phases in which a device user is
more among crowds (like the start and end of the workday).
Problems arising with that are investigated in Section IV-B.

B. Absolute, Time-Dependent Results

In Figure 15 and Figure 16, we can see an overview of
measured parameters over a whole, single simulation run.
The differences between the simulation runs are the selected
prediction duration and cache lifetime parameters. While the
prediction duration and the cache lifetime are both set to 3
hours in Figure 15, they are set to 48h in Figure 16. In the latter
figure, the long-term behavior is important. On the one hand
it can be seen that, especially on the first day in the morning
after the content becomes popular, there is a peak of D2D
content exchanges. Again, the long prediction time enables
the devices to take the first chance to exchange content which
is then consumed during the next two days. On the other hand,
we can observe fewer exchanges during the last two days of
the experiment. Here, many devices do not require subsequent
exchanges, as the content was already fetched the days before.

A finding here is that a long prediction time can deteriorate
the positive effect of smooth (i.e. approximately equally dis-
tributed) consumption models on spectrum usage, by shifting
D2D exchanges at the start of content popularity periods.
However, if the spectrum does not allow the required amount
of D2D exchanges at this time and requests become denied,
they may as well be conducted at a later point in time.
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Fig. 15. Average cache times and D2D quota of requests made at the specified
timeslot, as well as the relative number of D2D exchanges at this timeslot.
Linear request model, request probability p = 0.1, tc = tp = 3h
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Fig. 16. Like in Figure 15, but with different parameters tc = tp = 48h



V. RELATED WORK

The idea to offload mobile carrier networks via device-
to-device content delivery was previously described [8], [9].
Here, decentralized discovery strategies are not used, instead,
a central operator mediates between communication partners
in range. The reason for a decision against a decentralized
discovery has been to avoid periodic scanning for communi-
cation partners, consuming energy, and thus shortening battery
lifetime of mobile devices [8].

Our previous work also proposed an approach towards
content delivery based on a one-hop transmission [10]. The
contribution of this work was the sketch of a decentralized
discovery method, while avoiding energy and privacy issues
through a slight modification of the 802.11 MAC layer. The
question about D2D potential in general was asked, but left
for future work. The present paper now provides a quantitative
answer, while using the previously proposed mechanism as the
basis for the simulation model described in Section II.

Another attempt to evaluate opportunistic communication
with real-world measurements was conducted by Han et
al. [11]. Here, content is delivered by the mobile base station
to a small subset of mobile subscribers (the target set) in a first
step, while these nodes propagate the information to the entire
set of interested nodes afterwards. Their work focuses on the
selection of an optimal aforementioned target set. Han et al.
put an increased focus on evaluating the selection strategies
using mobility traces. Unlike in our work, the traces were
obtained from restricted groups, like the Haggle [12] and the
Reality Mining project [13]. Besides the smaller user base of
the traces obtained by both projects, a major part of the devices
participating has likely belonged to students and university
staff which took part in the study. The devices have actively
been collecting mobility trace data. The authors also discuss
available incentives to participate in the target set.

A data collection method very similar to the one used in
this paper was used by Shafiq et al. [14]. The anonymized
dataset contains usage data of 100 million customers of a large
mobile ISP of the United States. The data was collected at the
GGSN nodes, at the time of various highly crowded events in
metropolitan areas. However, the work focused on evaluating
radio resource allocation and opportunistic connection sharing
rather than D2D content delivery, requiring a different set of
metadata, such as performance-related information.

Jiang et al. [15] conduct a model-based evaluation on mobile
data traces, showing how it can be used for the purpose of
urban planning. Contrary to our work, information about the
signal strength is included in the data set, and can be used to
obtain a more fine-grained position of the devices. However,
this method is more privacy-sensitive. Hei et al [16] conduct
a measurement study of PPLive, an IPTV software popular in
Asia. The measurement study is focused on evaluating on the
one hand the user behavior, on the other hand the behavior of
technical properties of the P2P network.

Prediction mechanisms for content consumption were in-
vestigated by Zhao et al. [2]. The mechanism’s prediction is

based on a user’s information in social media streams. The
mechanisms are used in conjunction with an approach that
prefetches content when there is improved Internet connectiv-
ity over an infrastructure. D2D transmission techniques were
not used. Based on this work, Do et al. [3] refined the approach
and achieved a prediction accuracy of 72% in average.

VI. CONCLUSION AND FUTURE WORK

Given the proposed model, there is a significant potential of
D2D content delivery to offload a mobile operator’s network.
The potential ranges from 10% to 60% of traffic which can be
offloaded to the D2D medium, depending on the parameters
of the model. We also find that the most influential parameter
of the D2D content delivery model is the prediction duration
which can be offered. Especially a reliable mechanism that is
able to predict a user’s content consumption for more than 12
hours in advance will lead to high success of D2D content
delivery.

The longer a prediction mechanism can forecast the content
consumption and the more reliable it is, the less relevant an al-
truistic caching becomes after content consumption. However,
if our prediction is only able to forecast the consumption for
less than 12 hours, every device should cache the content for a
longer period of time after consumption, to be able to provide
the content to others.

Another finding here is that a long prediction time can
deteriorate the positive effect of smooth, temporally well-
distributed consumption behavior on spectrum usage, by shift-
ing content exchanges to the start of content popularity peri-
ods, or daytimes. The resulting peaks of D2D exchanges may
lead to congestion, as the spectrum used for D2D exchange
only allows a limited amount of simultaneous D2D deliveries
at a time. In this case, several requests become denied and
have to be conducted at a later point in time. The proposed
model does not include congestion behavior, but it nevertheless
shows up the importance of congestion control and spectrum
management in D2D content delivery research.

The actual delivery success likely remains below the po-
tential, depending on the success of prediction mechanisms,
caching strategies, and the absence of transmission errors. In
future work, the proposed model may be refined. Different
prediction mechanisms that exist or that are yet to be dis-
covered may be integrated into the model. The evaluation did
not yet make use of real content consumption data due to
privacy concerns. However, the proposed model supports this
type of data; a privacy-preserving method to make use of them
would further support the evaluation of D2D potential. Finally,
cells may be classified to return results for different localities
(urban, rural).
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