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ABSTRACTTra�
 matri
es play a pivotal role in the management ofan ISP's network su
h as various levels of tra�
 engineer-ing and 
apa
ity planning. However, it is un
lear how theintera
tion between the internal tra�
 routing poli
ies 
ho-sen by the ISPs and large-s
ale 
ontent providers, and theongoing trend of �
loud-
omputing� a�e
t the tra�
 matri-
es. In this paper, we use network data 
olle
ted by a Tier-1ISP to understand the 
hara
teristi
s of a PoP-level tra�
matrix. We also shed light on the role of �routing matrix� inshaping the 
hara
teristi
s of the tra�
 matrix. Two of themost important observations in this study are: a) multi-exitpre�xes and use of early-exit routing are the major reasonswhy PoP level tra�
 for the large ISPs do not follow thegravity model(i.e. proportional distribution based on size)as assumed by previous works, and b) routing plays a fun-damental role in shaping the tra�
 matrix.
1. INTRODUCTIONWith rapid growth of the Internet and the a

ompanyingtra�
, network tra�
 measurement plays an ever 
riti
alrole in how network servi
e providers and operators man-age and plan network operations. For instan
e, the rise ofdata 
enters and emergen
e of 
loud 
omputing are makingthis measurement more 
omplex, where 
ontent or servi
eproviders employ load-balan
ing (among multiple data 
en-ters) to dynami
ally adapt to user demands. Understandingthe �ow of tra�
 in su
h networks will help in improving theoperations, management and se
urity of today's IP networksas well as emerging servi
es.Tra�
 matrix � whi
h represents the �ow of data fromea
h ingress point to ea
h egress point through a network �is an important pie
e of information needed to plan, man-age and understand any network. Using (sampled) �ow-levelnetwork data 
olle
ted by a tier-1 ISP at its various PoP lo-
ations in the US and Europe, in this paper we study thekey 
hara
teristi
s of the PoP-level1 tra�
 matrix, with thegoal to understand how various fa
tors (e.g., where and how1PoP stands for �Point-of-Presen
e.� We note that tra�
matri
es 
an be de�ned in terms of various granularity: forexample, besides PoPs, the ingress and egress points of thetra�
 
an also be router interfa
es, individual routers, IPpre�xes or autonomous systems (ASes). Whi
h granularity isappropriate often hinges on the network management tasksat hand. Although this study is primarily 
on
erned withPoP-to-PoP tra�
, in understanding the 
hara
teristi
s ofthe PoP-level tra�
 matrix we do take into a

ount e�e
ts oftra�
 (and routing) at �ner granularity su
h as IP pre�xesand ASes.

ASes are inter-
onne
ted, routing poli
ies they adopt) a�e
tthe tra�
 matrix dynami
s, and the estimation and man-agement thereof. Based on the a
tual tra�
 matrix derivedfrom the ISP network data, we �rst demonstrate that thetra�
 matrix does not follow the so-
alled gravity model atthe �global� s
ale (i.e., when viewed from the perspe
tiveof the entire ISP network): the gravity model and its vari-ants have been a key premise used in several early studieson tra�
 matrix estimation from (SNMP-based) link-levelbyte 
ounts [2, 9℄, see Se
tion 2 for more dis
ussion.To explore the fa
tors behind this phenomenon, we exam-ine the tra�
 at �ner AS and pre�x levels (at whi
h inter-domain routing is performed) and introdu
e the notion ofrouting matrix. The routing matrix is derived from BGProuting tables at routers of ea
h ingress PoP, and re
ordsthe egress PoP used for ea
h pre�x. We refer to pre�xeshaving multiple egress PoPs as multi-exit pre�xes, while pre-�xes having a single egress PoP are referred to as single-exitpre�xes. Using the routing matrix, we �nd that multi-exitpre�xes are prevalent (more than 60%) in the ISP due toa number of reasons (e.g., multiple peering or inter
onne
-tion points between the ISP and some of its AS neighbors,typi
ally other large ISPs or 
ontent providers, multi-homed
ustomers, et
.). The prevalen
e of multi-exit pre�xes androuting poli
ies (e.g., early-exit routing) are main fa
torswhy the tra�
 matrix does not follow the gravity model. Infa
t, when 
onsidering only single-exit pre�xes, the tra�
matrix 
an still be well approximated by the gravity model.Additionally, for multi-exit pre�xes we show that there isa strong regional a�nity among PoPs: where given a pre-�x, PoPs within 
ertain geographi
al regions are likely topi
k the same egress PoP � typi
ally a dominant PoP (interms of both ingress and egress tra�
) within the region.Our �ndings suggest several new dire
tions for estimatingand managing PoP-level tra�
 matri
es of large ISPs. Forinstan
e, we 
an utilize the routing matrix (whi
h 
an be ob-tained from BGP routing tables independent of tra�
 mea-surement) to partition the (global) tra�
 matrix into severalregional ones, and then apply gravity model and other te
h-niques (e.g., sele
tive pre�x-level �ow sampling) to estimatethe regional tra�
 matri
es. By expli
itly in
orporating therouting matrix into the tra�
 matrix estimation, we 
analso a

ount for the e�e
ts of network failures and routing
hanges, and explore �what-if� s
enarios to investigate theimpa
t of su
h failures and routing 
hanges on the over-all network performan
e. These new dire
tions will be partof on-going work. The remainder of the paper is organizedas follows. We provide ba
kground and related work in Se
-



tion 2. Se
tion 3 analyzes the PoP-to-PoP tra�
 matrix andSe
tion 4 examines the routing matrix. We dis
uss future di-re
tions and 
on
lude the paper in Se
tion 5.Dataset. The dataset 
onsists of (sampled) net�ow re
ordsand BGP routing tables 
olle
ted at 24 PoPs for 6 days inSpring 2008. For anonymity and related reasons, we will usethe term ISP-X to denote the ISP where data was 
olle
tedand no a
tual PoP names are used (ex
ept for rough geo-graphi
 lo
ations). Most �gures and plots only show normal-ized statisti
s instead of absolute statisti
s (e.g., byte 
ounts,et
.)
2. RELATED WORKMost existing studies on network tra�
 matri
es fo
us pri-marily on how to estimate the (PoP- or router-level) tra�
matrix based on link load measurements (e.g., SNMP link
ounts). The problem is redu
ed to solving an a
utely under-
onstrained mathemati
al equation of the form Y = AX for
X where Y is the ve
tor of measured link loads, A is a �rout-ing matrix� (di�erent than what is de�ned in this paper)indi
ating whi
h ingress-egress pairs use whi
h links in thenetwork and X is the ve
tor representing the tra�
 matrix.Medina et al. [3℄ provides a good survey of the earlier studieswhi
h attempt to solve this problem by imposing addition-al 
onstraints by assuming 
ertain (often unrealisti
) modelsthat the tra�
 matrix is supposed to follow. In the same pa-per, the authors propose the �
hoi
e model� (a variant of thegravity model) for modeling the probability an ingress PoPto send pa
kets to other PoPs. Following up on [3℄, Roughanet al. [5℄ formalize the notion of gravity model (in its sim-plest form, it assumes that ea
h ingress point sends tra�
to other egress points in proportion to their sizes), and alsoin
orporate other information (e.g., stru
ture, 
on�gurationand AS relations) to further improve the performan
e of themodel. A generalized gravity model is further proposed in [9℄where more detailed �tomographi
� information is used, andtra�
 from peers is ex
luded in the tra�
 matrix estimation.In [2℄, a 
omprehensive 
omparison of various te
hniques forestimating the tra�
 matrix based on link loads is 
ondu
t-ed using real data, and the paper also points out the lim-itations of the (simple) gravity model in estimating tra�
matri
es. This paper observes that PoP-level tra�
 matrixdoes not follow gravity model but does not 
learly explainwhy. The �Independent 
onne
tion model� is proposed in [1℄whi
h provides yet another and more intuitive form of thegravity model based on �independent� 
onne
tions (insteadof independen
e of individual pa
kets). In [6℄ the impa
tof routing 
hanges on the network tra�
 matrix is studied,whereas in [4℄ Nu

i et al. show how routing 
hanges 
an beutilized for tra�
 matrix estimation.
3. POP­LEVEL TRAFFIC MATRIX AND

GRAVITYMODELIn this se
tion we examine the 
hara
teristi
s of the PoP-to-PoP tra�
. We �rst look at the distribution of PoP levelingress and egress tra�
 totals. Next, we investigate theexisten
e of gravity-model based proportional distributionin the PoP-level tra�
 matrix.In order to understand the basi
 tra�
 
hara
teristi
s atthe PoP level, we �rst look at the amount of egress andingress tra�
 at ea
h PoP. From the 
olle
ted raw �ow datawe extra
t the total amount of tra�
 that enters and exits

the ISP network at ea
h PoP. We plot the sizes of PoPs interms of their ingress and egress tra�
 volumes in Fig. 1.In this �gure X-axis shows the various PoPs of ISP-X, andY-axis shows the normalized ingress/egress tra�
.We see that PoP sizes vary widely. We also see that egresstra�
 at any PoP is very similar to the amount of ingresstra�
 at the PoP. This shows that larger PoPs, in general,attra
t larger amount of tra�
.
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Figure 1: Ingress and egress tra�
 at di�erent ISP-X PoPs.Having observed that larger PoPs, in general, attra
t larg-er amount of tra�
, we next want to see if the way the tra�
is distributed is 
onsistent a
ross all the PoPs. That is, wewant to see if the largest PoP, for instan
e, is the most popu-lar destination for all the ingress PoPs. For this, we extra
tthe PoP-to-PoP tra�
 matrix Tpop where ea
h row repre-sents the PoP at whi
h the tra�
 enters the ISP and ea
h
olumn represents the PoP at whi
h the tra�
 exits the ISPnetwork and ea
h entry in the matrix represents the totalnumber of bytes sent from the ingress PoP to the egress PoP.We also extra
t the proportions in whi
h ingress tra�
 atea
h PoP is distributed to all the egress PoPs by normaliz-ing the tra�
 matrix Tpop by dividing the total tra�
 goingfrom ith ingress PoP to an egress PoP j by the total ingresstra�
 at i. We refer to this row-wise normalized form oftra�
 matrix Tpop as T̄pop.Fig. 2 graphi
ally shows tra�
 matrix Tpop and Fig. 3shows normalized tra�
 matrix T̄pop. For anonymity rea-sons, numbers in Fig. 2 are normalized by dividing ea
hentry by the maximum number in the whole matrix. We
an see in these �gures that ea
h ingress PoP seems to havedi�erent proportions in whi
h the tra�
 is distributed tovarious egress PoPs. They do not seem to distribute the to-tal ingress tra�
 in some �xed proportions to all the egressPoPs. Even the most popular egress PoP is di�erent for dif-ferent ingress PoPs. Furthermore, we see that normalizedtra�
 matrix is dominated by the diagonal entries, whi
hshows the presen
e of signi�
ant amount of tra�
 that ex-its the network from the same PoP where it enters the ISPnetwork. We refer to su
h tra�
 as lo
al traffi
.The visual inspe
tion of the tra�
 matrix shown in Fig. 2and 3 suggests that there are no 
onsistent proportions inwhi
h tra�
 at ea
h ingress PoP is distributed to all egressPoPs. Next, we mathemati
ally verify our observations. Weuse singular values [8℄ based analysis of the tra�
 matri
es.The basi
 idea here is that if all the rows of the matrix fol-low the same proportions, then it is an approximately rank-1matrix and should have only one signi�
ant singular value.
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Figure 2: PoP-to-PoP tra�
 matrix.
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Figure 3: PoP-to-PoP tra�
 proportions.Fig. 4 shows the normalized magnitudes of the singular val-ues of Tpop. We 
an 
learly see that the matrix has severalsigni�
ant singular values, whi
h implies that Tpop is noteven 
lose to being a rank-1 matrix. This 
learly suggeststhat there is no �xed global proportion at whi
h the tra�
is being distributed.
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Singular valuesFigure 4: Distribution of singular values for PoP-to-PoP tra�
 matrix Tpop.Ignoring lo
al tra�
: Several works related to PoP-to-PoP tra�
 estimation, su
h as [2, 3℄, either impli
itly orexpli
itly ignore the lo
al tra�
. Sin
e the lo
al tra�
 is en-tering from a PoP and exiting from the same PoP, it mightbe useful to ignore them in some analysis su
h as when mea-suring the load in the ISP ba
kbone be
ause su
h tra�
 nev-

er enters the ba
kbone. However, the gravity model is notwell-de�ned at PoP-to-PoP level if we ignore the lo
al tra�
or set it to 0. Sin
e the diagonal entries 
orrespond to thislo
al tra�
, ignoring lo
al tra�
 is equivalent to setting thediagonal entries to 0. Obviously, su
h matrix 
an not followgravity model be
ause there is no rank-1 matrix with 0s inthe diagonal. This means that we do not have a meaning-ful way to 
he
k whether the rows of a PoP-to-PoP tra�
matrix follow the same proportions or not if we ignore thelo
al tra�
.Although ignoring lo
al tra�
 at PoP-level tra�
 matri-
es make gravity-model ill-de�ned, we 
ompared the ratiosinvolving non-diagonal entries to see if there is a �xed pro-portion. We found that even when we 
ompare pairs thatdid not involve diagonal entries the proportions at whi
hone ingress PoP divides the tra�
 to other egress PoPs is,in general, very di�erent than how another PoP divides. Insummary, the rows of the matri
es did not follow similar pro-portionality even when we ignore the lo
al tra�
. Therefore,when viewed from the perspe
tive of the entire ISP network,the gravity model does not hold true.
4. ROUTINGMATRIXIn Se
tion 3, we have made a number of observations re-garding the PoP-level tra�
 matrix. To understand the la-tent 
auses behind these observations, we need to under-stand the most important fa
tor that drives the tra�
 fromthe ingress PoPs to the egress PoPs: routing.In general, routing is done on the basis of IP pre�xes thatare announ
ed by �neighbor ISPs� to ea
h other throughBGP sessions between their border routers. ISP-X peerswith other large ISPs at multiple lo
ations and those ISPsmay announ
e similar set of pre�xes at multiple lo
ations.Additionally, many of its large 
ustomers in
luding large
ontent-providers and other multi-homed 
ustomers mightannoun
e their pre�xes from more that one lo
ation. Due tothis, tra�
 destined to a given IP address 
an potentiallyexit from the ISP-X network at many di�erent PoPs. In thisse
tion, we investigate how ISP-X routes the tra�
 in thepresen
e of several potential exit points. We use this infor-mation to explain the 
hara
teristi
s for the PoP-level tra�
as observed in Se
tion 3.As mentioned above, some of the pre�xes may be an-noun
ed at multiple di�erent lo
ations by the neighboringISPs. We use the term multi-exit prefix to refer to a pre-�x whi
h is announ
ed at more than one PoP lo
ations, andtherefore tra�
 destined to these pre�xes may exit ISP-Xnetwork from multiple lo
ations. On the other hand, somepre�xes may be announ
ed at only one PoP lo
ation, andtherefore, tra�
 destined to these pre�xes has only one exitPoP. In the following, we refer to su
h pre�x as single-exitprefix.To examine the tra�
 at the pre�x level (at whi
h inter-domain routing is performed), we introdu
e the notion ofrouting matrix. The routing matrix is derived from BGProuting tables at routers of ea
h ingress PoP, and re
ordsthe egress PoP used for ea
h pre�x. In this routing ma-trix Rpop→p, an entry Rpop→p(i, p) represents the egress PoPfor destination BGP pre�x p at PoP i.We examine di�erent
hara
teristi
s observed in this routing matrix in the follow-ing subse
tions.



4.1 Prevalence ofMulti­exit Prefixes andEarly­
exit RoutingWe �rst look at the 
hara
teristi
s of di�erent pre�x-es with respe
t to how many exit PoPs they have. In ourdataset we see around 180k unique BGP pre�xes learned byISP-X and around 100k pre�xes that are seen at more thanone PoP lo
ation. Fig. 5 shows the distribution of these pre-�xes with respe
t to number of PoPs they are announ
ed at.As seen in this �gure, about 40% pre�xes are only seen atone lo
ation. About 60% of the pre�xes, on the other hand,are seen at more than one lo
ation.Next we look at how many pre�xes are rea
hable at anygiven PoP. Fig. 6 shows the fra
tion of pre�xes seen at dif-ferent PoPs. We see that the number of pre�xes present atdi�erent lo
ations varies signi�
antly. However, the top 6largest PoPs have approximately 40% of the pre�xes rea
h-able lo
ally.
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Figure 5: Exit-PoPs for pre�xes.
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Figure 6: Pre�x availability.We have seen that a large number of pre�xes are rea
hablethrough more than one exit-PoP. Therefore, ingress PoPs
an route tra�
 destined to those pre�xes through any ofthe egress PoPs where they are advertised. Next we want tosee how the egress PoPs are 
hosen by the ingress PoPs forthose multi-exit pre�xes. Intuitively, ISP-X should try to re-du
e the load on its ba
kbone network by routing the tra�
through the �
losest� egress PoP. This is usually referred toas early-exit(or hot potato) routing [7℄. To see the extent ofthis early-exit routing in the data, we �rst obtained the geo-graphi
al distan
es between all the PoP pairs and 
omputedthe per
entage of time a PoP sends tra�
 to the nearest exitPoP from the list of possible exit PoPs. Fig. 7 shows that

for almost all PoPs, nearest-exit PoP is 
hosen for almostall the tra�
. This result leads to two related observations.First, we see that early-exit routing is being used heavilyand se
ond, geographi
 distan
e 
losely 
aptures the under-lying �
ost� of transporting data between PoPs. The 
aseswhere an exit-PoP other than the nearest one was 
hosenmostly involved 
ases su
h as Düsseldorf preferring Frank-furt over Amsterdam where the relative distan
es did notdi�er mu
h.
4.2 Proportionality for “Single­Exit” PrefixesSin
e a large portion of pre�xes 
an be rea
hed throughmultiple exit PoPs, the preferen
es 
hosen by ea
h individualPoP to route its ingress tra�
 play an important role inshaping the overall PoP-to-PoP tra�
 matrix. Therefore, inorder to separate the e�e
ts of the 
hoi
es made by the ISPin sele
ting the egress PoPs, we look at the distribution oftra�
 involving only single-exit pre�xes.For ea
h of the single exit pre�xes, all the ingress tra�
destined to it exits from one �xed PoP. Therefore, there isno e�e
t of routing de
isions made by di�erent PoPs. We tryto see if the PoP-level proportionality holds for the tra�
destined to these single-exit pre�xes. For this, we 
onstru
t aPoP-to-PoP tra�
 matrix (T 1

pop) by only 
onsidering tra�
destined to these single exit pre�xes.To see how 
losely the rows of this matrix (T 1

pop) followsthe �xed proportional distribution, we again analyze the dis-tribution of its singular values. Fig. 8 shows the distributionof singular values for the matrix T 1

pop. Clearly the �rst sin-gular value is signi�
antly larger than other singular values,and 
aptures more than 45% of the total varian
e in thedata. This shows that T 1

pop is mu
h 
loser to being a rank-1 matrix than the original tra�
 matrix (Tpop). Therefore,we 
an infer that the presen
e of multiple exit points forpre�xes adds to signi�
ant distortion from gravity model.
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Non−nearest exitFigure 7: Prevalen
e of early-exit routing.
4.3 Classification of PoPs based on Regional

AffinityWe have seen that in the presen
e of multiple egress PoPsfor a given destination pre�x, ingress PoPs generally prefergeographi
ally 
losest egress PoPs. Therefore, geographi
al-ly 
loser PoPs are more likely to have similar routing entriesfor di�erent pre�xes in their routing tables.To evaluate how similar PoPs are in terms of the exit-PoP
hoi
es they make for all the pre�xes, we 
luster them usinghierar
hi
al 
lustering. For this we 
onstru
t feature ve
tor
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Singular valuesFigure 8: Singular values for T 1

pop.for ea
h ingress PoP by using the egress PoPs for di�erentdestination pre�xes, whi
h is same as the rows of routingmatrix Rpop→p. For 
omparing feature ve
tors for any twoPoPs we are interested in seeing whether they 
hoose thesame egress PoP to route the tra�
 destined to a given des-tination pre�x or not. Therefore, we use Hamming Distan
eas a distan
e measure for the hierar
hi
al 
lustering.Fig. 9 shows the dendrogram for the hierar
hi
al 
luster-ing of the PoPs. In this �gure, X-axis shows various PoPs,and Y-axis shows the inter-
luster distan
e2 between the
lusters of the PoPs. The �gure shows that, in general, ea
hPoP is di�erent from others, ex
ept for few pairs of PoPswhi
h are very 
lose to ea
h other geographi
ally. Similarly,
lusters of PoPs whi
h have similar routing 
hoi
es are also
lose to ea
h other geographi
ally.Interplay between Routing & Tra�
 Matri
es. InSe
tion 3 we observed that the gravity model or any oth-er proportionality-based model does not hold true for thePoP-level tra�
 matrix. On the other hand we see stronggeographi
al a�nity among PoPs in terms of their routing
hoi
es. It leads us to an interesting resear
h question: Doesthis geographi
al a�nity due to similar routing preferen
esalso translate into similarities in the tra�
 distributions forthe PoPs? For instan
e, Fig. 9 shows that (NY, NJ) havevery similar routing preferen
es, and so do (FL2, FL3). Sim-ilarly, (NY, NJ) also have very similar tra�
 distribution,and so do (FL2, FL3) (See Fig. 11). However, (NY, NJ)and (FL2, FL3) di�er signi�
antly with ea
h other both interms of routing preferen
es and tra�
 distribution. In orderto understand the similarities among PoPs based on tra�
distribution and routing preferen
es, we 
luster the PoPsusing the tra�
 matrix. For this 
lustering we use tra�
distributions for all the PoPs as the feature ve
tor, and 
or-relation between them as the similarity measure. The tra�
distribution for ea
h PoP is given by the rows of the ma-trix T̄pop, and the similarity of the distribution implies thatthese PoPs divide the tra�
 to the egress PoPs at the sameratio. We observed that there are groups of PoPs that havesimilar distribution in general, however PoPs from di�er-ent groups have very di�erent tra�
 distribution propor-tions from ea
h other. We also observe that, in most 
ases,the 
luster of PoPs that have similar distributions are ge-2We use the average pair-wise distan
e between two 
lustersas the inter-
luster distan
e between them. It is de�ned asthe average of all the pair-wise distan
es, for the pairs ofelements by 
hoosing one element from ea
h 
luster.
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Figure 11: Examples of tra�
 distribution from fouringress PoPsographi
ally 
lose to ea
h other. Fig. 10 presents the den-drogram showing 
lusters of PoPs that have similar tra�
distribution proportions. The X-axis in this �gure are thePoPs grouped together based upon their tra�
 distributionsimilarity and the Y-axis shows the intra-
luster distan
e.The 
lusters seen in Fig. 10 are also 
onsistent with the
lusters seen on the basis of routing matrix as shown inFig. 9. It shows a strong 
orrelation between tra�
 and rout-ing matri
es, and therefore, shows that routing matrix playsan important role in shaping the tra�
 matrix.In summary, we see that most of the observations that wemade about the PoP-level tra�
 matrix 
an be elu
idatedby the routing matrix. We also observed that be
ause ofthe prevalen
e of multi-exit pre�xes large ISPs 
an and doemploy early-exit routing extensively.
5. ONGOINGWORK& CONCLUSIONIn this paper we use �ow-level network data 
olle
ted bya tier-1 ISP at its various PoP lo
ations to study the key
hara
teristi
s of the PoP-level tra�
 matrix with the aimof understanding how various fa
tors su
h as PoP lo
ation,pre�x-level routing poli
es et
. a�e
t the PoP-level tra�
matrix observed by the ISP. Our paper makes two key 
on-tributions. First, we show that PoP-level tra�
 matrix doesnot follow the gravity model, as used by several earlier stud-ies. Se
ond, we explore the fa
tors behind this phenomenonby examining the tra�
 at pre�x level and introdu
e the no-tion of routing matrix. Moreover, our result shows that theprevalen
e of multi-exit pre�xes and early-exit routing usedby ISPs is one of the key fa
tors why gravity-model does nothold for the PoP level tra�
 matri
es. It is further 
orrobo-rated by the fa
t that gravity model holds for the PoP leveltra�
 matrix when only single-exit pre�xes are 
onsidered.We also show that there is a strong regional a�nity amongPoPs in terms of how tra�
 destined to multi-exit pre�xes isrouted(i.e. egress PoPs 
hosen by these PoPs) as well as forthe proportions in whi
h tra�
 is distributed at PoP level.Finally, our �ndings suggest several new dire
tions for es-timating and managing PoP-level tra�
 matri
es of largeISPs. For instan
e, it might be possible to partition theglobal PoP level routing matrix into several regional onesusing the pre�x level �routing matrix�, and apply gravitymodel and other te
hniques (e.g., sele
tive pre�x-level �owsampling) to estimate the regional tra�
 matri
es. In addi-tion, by taking into a

ount the routing matrix for tra�
estimation, we 
an also model the e�e
ts of routing 
hanges
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Figure 9: Dendrogram representing the 
lusters of PoPs using routing matrix.
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Figure 10: Dendrogram representing the 
lusters of PoPs using tra�
 matrix.due to network failures or poli
y 
hanges. It would not onlyprovide a better model for network management, but alsohelp us in exploring �what-if� s
enarios to understand theimpa
t of failures and poli
y 
hanges on the overall networkperforman
e. These new dire
tions are part of our 
urrenton-going work.
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