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Abstract 1 Introduction

Advanced satellite tracking technologies have collected
a huge amount of wild birds’ migration data. These data
are very useful for biologists to understand birds’ dynamic
migration patterns, to study correlations between the habi
tats, and to predict global spread trends of avian influenza.
We transform the biological problem into a machine learn-
ing problem by converting the migratory paths of wild birds
to graphs. Our first step of HSN1 outbreak prediction is
to discover weighted closed cliques from the graphs by our
mining algorithm HELEN (short for High-wEight cLosed
cliguE miNing), which are then used by our learning al-
gorithm HELEN-p to predict potential HSN1 outbreaks at
habitats. We show that the prediction is more accurate in
comparison with the traditional method on the migration Figure 1: A GPS tracking device attached to a bird.
data obtained through a real satellite bird-tracking syste
It is also confirmed by our empirical analysis that HSN1
spreads in a manner of high-weight closed cliques and fre-
qguent cliques.

The H5N1 virus outbreaks in poultry in 2003, 2004 and
2009 caused unprecedented geographical impact in Asi-
a [2, 6, 8]. The H5NL1 virus is a highly pathogenic avian
influenza (HPAI) that has emerged in Southern China in the
Keywords_ - . - . mid-1990s. A large number of wild birds died as a result of
C_ompgtatpnal Sustalr)a_blhty; Bird Flu Er_edlgtlon;_ W'Id,' the highly pathogenic virus in Qinghai Lake, China in 2005;
Bird Mlgr_at|0n Date_l Mining; .H5N1 Pred|ct|on_ n Qinghai 5 the number of the protected bar-headed geese had de-
Lake, China; Machine Learning and Graph Mining. creasedb% — 10% worldwide due to the epizootic disease

alone as estimated in 2009 [5].
1The corresponding author is Jianhui Li. The spread of H5NL1 is believed to be closely related to




wild-bird migration across the globe [4]. However, as ef- lyzed bird virus outbreak reasons via mining the birds mi-
fective tracking systems and data analysis tools have beemration data such as sequence rule mining [8] and sub-graph
lacking for a long time in China, the study on the relation- mining [7]. In this paper, we focus on how to predict the
ship between the spread of the H5N1 virus and the bird- future possible bird virus outbreak locations by machine
migration network was not conducted in large scale. This learning methods. Specifically, our prediction method is
situation is greatly improved now, and we have collected the based on the mined high-weight closed cliques, some new-
movement data of about one million records from March ly developed habitat correlation criteria, and two machine
2007 to December 2009 by using a satellite tracking sys-learning algorithms (i.e., KNN and LapRLS [1]). More
tem and special GPS devices attached to birds (see Fig. 1)importantly, in LapRLS, we generalized the idealabel
Specifically, migration birds were captured by ecologists propagationin manifold based semi-supervised learning to
and set up with GPS mobile sensor devices. And the track-H5N1 spread# the bird migration network.
ing signals were then transmitted to the satellite contirsdo
ly and Fhe data were dist_ributed by the USGS processingz Algorithm
unit which were then received by the researchers.
Biologists found that bird migration routes in a smal-
| area can be best viewed gsaph patternslike cliques
[3] rather than simple location sequences in small scale. It _ o
is therefore important to understand the role that migrato- N our graph-based model, a bird habitat is denoted by a
ry birds play in the ecology and the transmission patterns N0de (vertex) and a migration route is denoted by an edge.
of H5N1 by integrating data on habitats, seasonal move-A cliqueC'is a graph with fully connected edges. If a graph
ment chronology, routes, dates, and locations of H5N1 out-G contains a clique’, then( is said to be a support graph
break events. Recently, several studies at Qinghai LakeOf C. For example, grapty; in Fig. 2 is a support graph of
have shown that H5N1 viruses in Qinghai Lake spread with clidueCy = “abc” (Fig. 2(e)).

the bird migration patterns [5]. Most of these analysis were o ) ) ]
conducted at a relative coarse level of granularity (e.g. be Definition 1 Thefrequency-supportofacliqué s defined

tween countries) and the methods for discovering the corre-2S the ratio of the number of support graphs over the total

lations of bird migration routes have limited predictivappo ~ NUmber of graphs in a databag?
er.

In this paper, we take a data mining and machine learning support! (C) = Leep(CEG) ,
approach to exploit the collected data to build a bird-virus Dl
prediction model. We mine the bird-movement patterns
and learn the relationship between graphical clique patter
and virus propagation. In particular, we use vertex weights
as an important factor to evaluate the seriousness of H5N1[
virus. Weights are differently defined by using the degree d
of a habitat or vertex (the frequency that birds fly among
habitats), the time that birds stay at a certain habitather t
density of the birds in a particular habitat. These weighted

graph features can make the virus prediction model moreg, ¢ support. FCC mining is to find all frequent closed

a_lccurate because th_ey can be used to estimate the c_or_rel%“ques from a graph database. Given the graph database in
tions among the habitats better. As a result, our pred|ct|onFig 2 and§’! = 0.5, “abc” and “abde” are two frequent

algorithm HELEN-p can be used to accurately predict the
future H5N1 outbreak from the migration graphs.
Our main contributions are summarized as bellow,

2.1 Mining High-Weight Closed Cliques

1)

*where) .., I(C C G) is the number of support graphs of
cligueC, and|D| is the number of graphs in the database.
Given a support thresholéf, a cliqueC is afrequen-
clique if support/ (C) > 6/. In addition, if there
oes not exist another cliqué’ satisfyingC C €’ and
supportf (C") = support! (C), C is a frequent closed
cligue (FCC). Closed cliques are important since they great
ly reduce the number of child cliques with the same lev-

and closed cliques.

The weight of a vertex is denoted byveight(v). Three
weighting ideas are considered by this work:
1. we transform the bird-migration data analysis problem

into a high-weight closed clique mining problem; and 1+ Wrrequency (0 Wireq) which measures how fre-

guently a bird flies among different habitats.
2. we propose a novel high-weight closed-clique mining .
algorithm (HELEN), which is then used by our predic- ~ 2- Wtime = tarrive — ticave Which measures how long a

tion algorithm HELEN-p for accurate H5SN1 outbreak bird stays at a certain habitat, wherg, i, andcave
prediction. are the arrival time and departure time of the bird.

Compared with our previous work, we have extended 3. Wgensity (OF Wyens.) Which measures the density of
previous work significantly. In our previous work, we ana- the birds in the habitat, and is calculated by using the
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Figure 2: A graph databasefight(a) = 7, weight(b) = 6, weight(c) = 2, weight(d) = 14, weight(e) = 20).

area size of the habitat to divide the number of migra- vertices) of a frequent pattern is also frequent. Hence, if
tion records received by the satellite tracking system no k-1-patterns are frequent, we do not need to exploere

from the habitat.

The weight of a graphG is given by weight(G)
> veq weight(v).

Definition 2 Theweight-support of a cliqué€’ is defined as
weight(C) Y qep I(C C G)
Y cep weight(G) ’

where the numeratareight(C) Y . I(C € G) denotes
the total weight of the cliqu&’ in the databas®, and
the denominato} .., weight(G) is simply a normaliza-
tion term. Given a support threshol¥, a cliqueC is a
high-weight-support clique ifupport® (C) > 6". In ad-
dition, if no other cliqueC’ exists that satisfie€’ C C’
and support™(C") > support”(C), thenC is a high-
weight-supportlosedclique (HWCC). We wish to find al-
| frequent and closed cliques from the graph datalfase

support” (C) = (2

patterns. However, we observe that the “downward closure”
property does not hold in HWCC mining. For example, in
Fig. 2, support™(“abde”) = 0.56, support”(“abd”)
0.32. If we set the support threshof¥ = 0.5, then“abd”

is a low-weight clique, while its parent-graplbde” is a
high-weight clique. So, this causes difficulties for mining
algorithms. It can be proved that if aikyl-clique C*~1 is

not a high-graph-weight-support clique, thietlique C'*!

is not either. This “downward closure” property is useful in
the process of enumerating cliques. If we know thatk
clique, C!*~1 is not a high-graph-weight-support clique,
there is no need to enumerate dnglique. It can be also
proved that iff* = 69, then HWCCC HGWCC.

The main idea of HELEN algorithm is to search over a
cligue lattice as shown in Fig. 3. Its pseudo codes covering
three major computational steps are presented as follows:
Input: Graph databas® and vertex weight, threshol¥
andg™;

with respect to the vertex weight. For example, given the Output: HWCC.

graph database in Fig. 2, we havepport¥(“abc”) =
(15%x2)/(49429+47+43) = 0.18, support™ (“abde”)
(47 x 2)/(49 + 29 + 47 + 43) = 0.56. If 6* = 0.5, the
cligue “abde” is a high-weight closed clique.

Definition 3 Thegraph-weight-supportof a cliqug is de-
fined as follows,

_ Y cep [(C C Glweight(G)
Ygep weight(@))

where the numeratop .., I(C C G)weight(G) de-
notes the total weight of support graphs of the cliqtie
in the databas®, and the denominatodr’ ., weight(G)
is again for normalization. Given a support threshold
09, a cliqgue C is a high-graph-weight-support clique if
support?d(C') > 09. In addition, if there does not ex-
ist a cliqueC’ satisfyingC' C C’ and support?(C’) =
supportd(C), C is a high-graph-weight-support closed
cligue (HGWCC).

The “downward closure” property (anti-monotone prop-

support?d (C) 3)

Step 1: Calculate the graph weight usifigand vertex
weight; Step 2: Search the lattice and obtain HGWCC using
D, vertex weight and?; and Step 3: Check the HGWCC
and obtain HWCC usin®, vertex weight and™.

The mined HWCCs from the illustration data are shown
in the last column of the Table in Fig. 3.

2.2 Calculating Habitat Correlation

Our prediction method also involves two types of habi-
tat correlations, location-based correlation and clihased
correlation.

Definition 4 For any two habitats and j, the location-
based correlatiors defined by the distanag; of the two
habitats. It is calculated by using

1/di;
max;; 1/dlj ’

(4)

erty), which has been widely used to accelerate pattern min-where the denominatafiax;; 1/d;;, is a normalization ter-

ing algorithms, states that any child pattern (e.g. a suifset

m to make the correlation in the range|6f 1].
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Figure 3: A clique lattice with the graphs from Fig. 2. Eachtamgle contains a clique (e.d\qb”), a corresponding set
of graphs that the clique belongs to (e, 2,3}), a graph-weight-support (e.gupport?(C) = 0.74 via Eq.(3)) and a
weight-support (e.gsupport™ (C) = 0.23 via EQ.(2)). The rectangles in yellow denote the DFS segrabeswithgd = 0.5,
and the search order i&”, “ab”, “abd”, “abde”, “ad”, “ade”, “c” and “d”. The rectangles with circles are HGWCC with
09 = 0.5, among which the rectangles with solid red circles are thed HWCC with6* = 0.5.

Two types of distance are considered in our correlation 2.3 The Prediction Algorithm
estimation,

(1) The Euclidean distance, djf = We take the following pseudo codes in the prediction of
\/(@. —9,)2+ (\i — \j)2, where(¢;, \;) and(¢;, \;) are H5N1 virus outbreaks: _
the latitude and longitude of habitatandj, respectively. Input: Graph databasP, vertex weight, threshold’ and

(2) The great-circle distance [9]dfjc = rAdy, 0", positive instancep, number of predicted habitats
wherer is the radius,AX = \; — \;, and Ad;; — Output: A ranked list ofk predicted habitats.

. /(congy sin BX)ET (cos & 5in §; —sim b 005 6, cos AX)? (1) Call the HELEN algorithm to obtain HWCC; (2) Calcu-
arctan SN g7 Sin ;T cos 7 cOs Py cos AN . late the correlations of any two habitats according to Bq.(4

or Eq.(5) using the mined HWCC; and (3) R&NN or

Definition 5 For any two habitats andj, theclique-based ~ LapRLS algorithm to find the top likely outbreak habi-
correlationis defined by using the weighted supports of tats.

closed cliques thatandj belong to, The two machine learning method®N and LapRL-
S are explained as follows. We hypothesize tH&MN1
w Y cec1((i,5) € C) support™ (C) 5) outbreak is highly correlated with the migration netwprk
C;: =

77 max;; ZCeC 1((i,5) € C) support(C)’ which is reflected in the mined high-weight closed cliques.
We verify this hypothesis in the experimental section. Giv-
whereC is a set of high-weight closed cliqgues (HWCC), and en a habitat with an HSN1 outbreak (Habjeand the habi-

Ycec 1((3,5) € C) support™ (C) denotes the summation tat correlation €5, ¢f or ¢i), we can rank the remaining

of the weighted support of the closed cliques the habitats habitats and obtain the tdphabitats with the largest corre-
andj belong to. lation based on thé& nearest neighbor methodNN). For
example, if“a” in Fig. 3 is taken as a positive habitat, we
For example, in Figure 3¢ = {“abde”, “ad”, “ade”} have the ranking list of “d”, “e”, “b” and “c” according to
and > occl((ase) C C)support™ (C) = the correlations. We denote the corresponding HELEN-p
support”(“abde”) + support¥(“ade”). The correla-  variantas HELEN-p{NN).
tions among‘a”, “b”, “c”, “d” and “e” are: c¥, = 0.31, Under a kernel learning approach, we take the originat-
. =0,¢fy =1,¢¢ =072, ¢ =0, ¢ = 0.31, ing habitat of the H5N1 outbreak as a single positive in-

e, =031, ¢, =0, ¢, =0andcy, = 0.72. stance. We predict other outbreak habitats by using the



Laplacian based regularized least-square method (LapRL-14 brown-headed gulls were confirmed to be positive for an

S) [1], where the normalized Laplacian matiixis calcu- H5N1 subtype. These data are shown in the last column
lated based on a habitat correlation matk = [c}?] € of Table 1, which indicates that the prevalence of H5N1 in
Rm>7, Qinghai Lake was high. In order to obtain the relationship
between migratory birds and H5N1 outbreaks, information
L=1-D"'"?WD"'/?, whereD = diagW1), about H5N1 outbreaks were extracted from the Ministry of

Agriculture of the People’s Republic of China Database and

whereT is an identity matrix and. is the vector with all /= oo o for the period of February 2004 - May 2009.
entry values ofl.

Then, we apply the LapRLS objective function with a

single positive instance, 3.2 Summary of Experimental Results

. o i i i i
mfm f'Lf + ﬁ”f —y|I2, 3.2.1 H5N1 Outbreak Analysis Using Mined Cliques

In this section, we focus on result analysis of clique mining
where f € R"*! is the prediction vectory is the label ~ We applied the HELEN algorithm to those 29 graphs and
1 ifi=p, 103 vertices to extract cliques. One high-weight cliqye
0 ifitp Above, || - || denotes 5 shown in Fig. 4. If we only consider its frequency support
(support! = 3/29), C15 would be pruned. However, the
cligue has a weight 06.13, 0.16 and0.052, respectively,

vector withy; =

the Frobenius norm and is the tradeoff parameter. So,
the final obtained score vectgt can be used to rank the . o
remaining habitats and find the tafhabitats with the high- ~ 2660rding W cquency, Weime and Wiensiry Weighting
est probability of an H5N1 outbreak. We denote the corre- Strategies, and contributes to more than 5.2% of the total
sponding HELEN-p variant as HELEN-p(LapRLS). time of the birds’ spring migration time. The table in Flg. 4.
Compared with the HELEN-g{NN) method, HELEN- shows that the migration network has a ;tron_g relationship
p(LapRLS) has the potential of bridging two habitats be- with H5N1 _outbreaks. For example, while birds prefer to
yond k nearest neighbors, since it can propagate the labelStay at habitat 4 (i, three cases of H5N1 outbreak are re-

via local connections [1], which is also supported by our POrted. In addition, this clique shows that the habitatids
experimental results in Section 3.2 a strong correlation with its neighboring habitats, (Hi,,

Hs, and H;) under the high weight oW, sit,. Interest-
ingly, habitats (H, Hs, and H;) are also reported to have

3 Experiments H5N1 outbreak. The weight of those habitats does reflect
) the possibility of virus transmission.
3.1 Data Collection From the above analysis, we can see that high-weight

closed-cliqgue mining can help biological professionals
Our on-site studies were conducted at the Qinghai Lakemake better decisions, e.g., highlight some high-weighted
National Nature Reserve, Qinghai Province, China, be-cliques. More importantly, we discovered that 24% of
tween March 2007 and December 2009. 59 birds were s-mined cliques have low frequency but high weighted sup-
elected randomly from different flocks to tie a battery pow- port, which shows the importance of weight clique min-
ered GPS device to each of them. More details of the datajng, since otherwise, these low frequency cliques would be
are presented in Table 1. We had collected nearly one mil-pruned by the traditional frequent closed clique mining al-
lion migration records by December 25, 2009. We selected gorithms. More mining results can be found at Link
those 29 bar-headed geese in our subsequent analysis for
the same type of birds. Finally, we have 103 habitats (i.e., . ; ; ;
nodes in graphs) and 29 graphs (one for each bird). 3.2.2 H5N1 Outbreak Prediction Using Mined Cliques
The reverse transcription-polymerase chain reactionn this section, we describe our prediction experiments. We
(RT-PCR)? technique was used to confirm whether a bird reserve all of the 245 cliques that are mined from those
is or not infected with the virus. All of the samples were 29 graphs and 103 habitatg’( = 0, §* = 0), where
immediately placed into small tubes containing transfigrri - each clique has four different weighi&s,.cquency, Weime,
solution and then stored in a container of liquid nitrogen W41, and support/, respectively. Among those 103
within two hours. We tested 1,055 samples by using RT- habitats, 16 habitats have been reported one or more cases
PCR, and 12 bar-headed geese, three ruddy shelducks and .

Link: www.ginghailake.csdb.cn/ghlakesdm/page/pajpéedl.htm

IWorld Health Organization. Recommendations and laboyator 2Link: www.ginghailake.csdb.cn/ghlakesdm/page/pajpge.htm
procedures for detection of avian influenza A(H5N1) viruspecimens SLink: www.ginghailake.csdb.cn/ghlakesdm/page/pajidd®.htm
from suspected human cases. 4Link: www.ginghailake.csdb.cn/ghlakesdm/page/pajyde.htm

http://iwww.who.int/csr/disease/avidnfluenza/guidelines/labtests/en/index.htmI°Link: www.ginghailake.csdb.cn/ghlakesdm/page/pajvéed.htm



Table 1: Description of the data used in the experiments.

. . Active time Stay (days Migration H5N1 rate
Bird type bird number Start End Mag( M)i/n) reco?d number (RT-PCR)
bar-headed geese 29 2007-03-21| 2009-10-21| 745 | 48 783,240 2.27% (12/528)
ruddy shelduck 20 2007-03-21| 2009-02-01| 347 | 28 179,302 2.17% ( 3/138)
brown-headed gul 10 2007-06-21| 2008-06-07| 159 | 41 37,242 3.60% (14/389)

Table 2: The H5N1 outbreak prediction performance of HELEKNN) using habitat correlation estimated from geometric

£Ppositive habitat y, o gy

locations and migration data of bird satellite trackingteys Note, Pre@kZ =0anda = 1.

Geometric locationsg Using bird satellite tracking system
HELEN-p(:NN) HELEN-p(:NN), i HELEN-p(LapRLS),c;-i;-
ngjc ng Wfreq. Wtime Wdens. SUppO’I’tf Wfreq. Wtime Wdens. supportf
Pre@l 0.1&0,34 0.311»0.48 0.6&050 0.5@0.51 0.6&050 0.6&050 0.8&0,34 110 0.94:t0,25 0.8&0.34
Pre@5 || 0.10:01z 0.20:01s 0.58:028 0.56:026 0.56:028 0.56:023 | 0.85t027 0.76:008 0.841013 0.85:01s
Pre@lc 0.1&0,09 0.1&0.12 O.44:t0,13 0.4&0.12 0.4&0,12 O.44:t0,13 0.5710,05 0.5&0.05 0.5&0,05 0.5@0.05
Pre@15| 0.14t00s 0.14:00s 0.37:000 0.38t000 0.37:000 0.35:008 | 0.50r006 0.42:003 0.42:003 0.48co0s
= 1.05 170 Wirequeney
4 ? ] 0.5t Viime /\“
Wdensmy
BNI+E %) 0.8 Wume g)
& density 075
=]
06 0.65
05 0 0.05 0.1 0.15 0 0.05 0.1 0.15
oY v
0.75 ©-Wirequency 055,
+Wime *}erquency
0.7 Wdensny +Wime
o } i 05 Wgensity /e/“
%o.es / %
I * 6_'0,45
owerco v 2 08
Corgle fegm——! R
055 — 0.05 0.1 0.15 0.4 0 0.05 0.1 0.15
" "
H;y Hsy Hs Hy Hs Hg
Wereq. 18 34 35 31 48 24
Wiime 100 140 109 173 9 19 Figure 5: The H5N1 outbreak prediction performance of
Wiaens. 800 130 103 270 69 78 HELEN-p(LapRLS) with different values af".
Outbreak N/A 1lcase 1lcase 3cases lcase N/A

To gain more insights on HWCC and the effect of the sup-
port threshold®, we first study the prediction performance

with 6 = 0, and then increase its value gradually with

6" € {0.05,0.1,0.15}.

The prediction results with” = 0 are shown in Table 2,
from which we can have the following observations: (1) the
approach of using clique-based correlation is much better
than that using the habitats’ geometric information, which
clearly shows the usefulness of the bird satellite tracking
system or migration network in habitat correlation estima-

Figure 4: A mined high-weight closed cliquéys;, with
low frequency supportsgpport! = 3/29). Detailed infor-
mation of the habitats and weight about the cligig are
shown in the table.

of H5N1 outbreaks, i.e., they apmsitive habitatsIn each
prediction test, we take ongositive habitatout of those
16 habitats, and report the averaged results dgetimes.



tion; and (2) although the clique-based correlation maly fai
to build connections of two habitats that never appear in
any of the same cliques as shown by the results of HELEP-
p(kNN), HELEN-p(LapRLS) can complement this weak-
ness via label propagation (or H5N1 spread). More em-
pirical studies of HELEN-p{NN) and HELEN-p(LapRLS)
can be found at Link from which can see that HELEN-

p(LapRLS) improves the prediction performance and beats[3]

kNN in all cases.

The prediction performance of HELEN-p(LapRLS) with
different values 0B are shown in Fig. 5. We can see that,
(1) using a relatively larger threshold further improves th
prediction performance in most cases, and this effect can

be explained by the fact that a reduction of noise in the [4]

cligue weights results in a better correlation estimation i
Eq.(5); and (2) using a too large threshold may reduce the
prediction performance, which makes sense since the cor-
relation between two habitats may not appear when using
too few selected closed cliques. We can conclude that using
a relatively higher threshold is better in prediction, whic
supports our assumption that HSN1 spreads via high-weight
closed cliques.

4 Conclusions and Future Work

In this paper, we have developed a novel H5N1 outbreak
prediction algorithm (HELEN-p). In particular, we make
use of the mined cliques and machine learning methods for
H5N1 outbreak prediction. The experimental results show
that the mined cliques, habitat correlation calculatiomd a
machine learning methods can greatly assist biologists in
H5N1 outbreak analysis and prediction. More importantly,
our assumption tha5N1 spreads via high-weight closed
cligues and frequent cliqués also supported by the exper-
imental results (see Lirtkand Link for more results). For
future work, we are interested in exploiting some sophisti-
cated algorithms to integrate different weighting strageg
where some preliminary results using linear combinations
are shown at Linkand Link®.
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