Discovering Viral Hosts, Mutations, and Diseases

using Machine Learning
Blessy Antony

Dissertation submitted to the Faculty of the
Virginia Polytechnic Institute and State University

in partial fulfillment of the requirements for the degree of

Doctor of Philosophy
in

Computer Science & Applications

T. M. Murali, Chair
Anuj Karpatne, Co-chair
Debswapna Bhattacharya

Lenwood S. Heath

Predrag Radivojac

December 17, 2025

Blacksburg, Virginia

Keywords: infectious diseases, COVID-19, machine learning, virus-host prediction, protein
language models, generalizability, scientific information extraction, retrieval-augmented
generation, long covid

Copyright 2026, Blessy Antony



Discovering Viral Hosts, Mutations, and Diseases

using Machine Learning

Blessy Antony

(ABSTRACT)

The discovery of a novel virus raises three important questions, namely, which host(s) can
the virus infect, what mutations in the virus could affect its interaction with its hosts and
enable a host-shift, and which diseases can the virus cause in humans. We propose novel
machine learning (ML)-based solutions to these three different problems in computational

virology.

(i) We develop a viral protein language model for predicting the host infected by a virus,
given only the sequence of one of its proteins. Our approach, ‘Hierarchical Attention for
Viral protEin-based host iNference (HAVEN)’, includes a novel architecture comprising
segmentation and hierarchical self-attention to tackle the challenges posed by long
sequences. Pretrained on 1.2 million viral protein sequences, the model accepts any
protein sequence of any virus and predicts its host. ~ We integrate HAVEN with a
prototype-based few-shot learning (FSL) classifier to generalize it to predict rare and

unseen hosts, and hosts of unseen viruses.



(ii) Structured datasets of known viral mutations and their effects are required to develop
computational models that can predict potential detrimental changes in novel animal
viruses. We leverage large language models (LLMs) to create these datasets from
the results of experimental studies available as unstructured text in scientific litera-
ture. We design an open-ended task for ‘scientific information extraction (SIE)” from
publications and propose a unique two-step retrieval augmented generation (RAG)
framework for the same. We curate a novel dataset of mutations in influenza A viral
proteins. We use this dataset to benchmark our proposed approach, a wide range of

LLMs, RAG-, and agent-based tools for SIE.

(iii) Finally, we look at the effects of viral infections in humans. Specifically, we focus on
the long-term effects of SARS-CoV-2 (or long COVID) wherein patients experience
the persistence of COVID-19 symptoms for a long period of time after their initial
SARS-CoV-2 infection. We propose an ML-based classification pipeline to predict the
diagnosis of long COVID in COVID-19 patients using their electronic health records
(EHRs) in the National COVID Cohort Collaborative, which is the largest collection
of clinical data across the US. Using techniques to explain our models’ prediction for
each patient, we uncover many features that were correlated with long COVID. We also
evaluate the impact of different data sources on our long COVID prediction models

using a novel a cross-site analysis.

For the all the three problems, we demonstrate the accuracy and robustness of our proposed
solutions through a comprehensive series of experiments. These contributions are aimed

towards developing a coherent system for pandemic preparedness and prevention.



Discovering Viral Hosts, Mutations, and Diseases

using Machine Learning

Blessy Antony

(GENERAL AUDIENCE ABSTRACT)

Viruses are one of the primary pathogens causing infectious diseases. There is a rise in the
frequency of outbreaks of human infectious diseases across the globe. Several viruses origi-
nate in animals, evolve though mutations, and shift hosts to infect humans. It is important
to detect the potential of animal viruses to infect humans in order to avoid, prepare for, and
tackle future infectious disease epidemics through well-informed decisions.

We propose novel artificial intelligence (Al)-based solutions to three important questions
namely, which host(s) can a virus infect, what mutations in the virus could affect its inter-
action with hosts, and which diseases can the virus cause in humans.

We develop “Hierarchical Attention for Viral protEin-based host iNference (HAVEN)” based
on the architecture of large language models (LLMs) such as ChatGPT. We train HAVEN to
learn the properties of protein sequences of viruses and predict their hosts. HAVEN can also
identify rare, unseen hosts and predict hosts of unseen viruses. Next we focus on the mu-
tations in a virus that allow it to shift from one host to another and infect humans. Results
from experimental studies analyzing the effects of viral mutations on virus-host interaction
are available primarily in the form of unstructured text in scientific publications. We seek
to employ LLMs to retrieve this information from the scientific literature and create these
datasets. Retrieval augmented generation (RAG) is framework where an Al system first
retrieves relevant information from a provided source and leverages it to generate accurate

answers. We design a novel task for LLMs to perform ‘scientific information extraction (SIE)’



from publications and propose a unique two-step RAG framework for the same. We manu-
ally curate a novel dataset of mutations in influenza A viral proteins. We use this dataset to
benchmark our proposed approach, a wide range of LLMs, and state-of-the-art RAG-based
methods for SIE.

Finally, we focus on the long-term effects of SARS-CoV-2. Long COVID is a disease condi-
tion wherein patients experience the persistence of COVID-19 symptoms for a long period of
time after their initial COVID-19 infection. We trained prediction models using electronic
health record (EHRs) of COVID-19 patients from during their infection phase. We show that
these machine learning models can effectively predict the future occurrence of long COVID,
generalize to different sources of EHR data, and highlight informative indicators in EHRs for
early diagnosis. The contributions in these thesis are aimed towards developing a coherent

system for pandemic preparedness and prevention.
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Germs such as viruses could enter the human body, multiply, and cause an infection. The
ensuing illnesses are called “infectious diseases” [1]. These pathogens are transmitted to
humans through direct or indirect contact, vectors such as mosquitoes and ticks, food, or
water [2, 3]. There is a rise in the frequency of outbreaks of human infectious diseases
across the globe. Various viruses that either originate in animals or are transmitted through

vectors cause a majority of these outbreaks [4].

Viruses move from animal reservoirs and adapt to new hosts.  “Zoonotic” viruses origi-
nate in vertebrate animals and move to infect humans resulting in infectious diseases termed
“zoonoses”. These viruses may shift to multiple intermediate hosts before adapting to hu-
mans. Though many viruses spill over from animals to new hosts, their infection is confined
to the initial animal or few animals of the same species. A very small number of these
viruses engender an outbreak or epidemic.  Though small, the proportion of viruses re-
sulting in zoonotic outbreaks and the mutations that drive these zoonotic transfers remains

unknown [5].

Epidemics and pandemics may not only claim millions of lives but also impact the health,
education, economy, and overall social development [6]. Zoonotic pathogens have caused
about 60% infectious diseases in humans since 1940 [7, 8]. Examples of zoonotic viruses
that caused epidemics and pandemics in the past include Human Immunodeficiency Virus

(HIV, 1981), H5N1 Avian Influenza virus (AIV, 1996), Nipah virus (1998), Severe Acute
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Respiratory Syndrome Coronavirus (SARS-CoV, 2002), Zika virus(2007), HIN1 influenza
virus (2009), Middle East Respiratory Syndrome Coronavirus (MERS-CoV, 2012), Ebola
virus (2013), SARS-CoV-2 (2019) [6, 8, 9, 10, 11, 12, 13]. The most recent Coronavirus
Disease 2019 (COVID-19) pandemic created a devastating impact with over 774 million

reported infections and seven million deaths across the globe as of February 11, 2024 [14].

Various geographical, ecological, biological, economical, and social factors influence the in-
teraction between humans and animals [15, 16]. It is of paramount importance to detect
the zoonotic potential of a virus in order to avoid, prepare for, and tackle future infectious
disease epidemics through well-informed decisions. Additionally, the preemptive detection

of new human virus spillover from animals could help to develop vaccines and medications.

Surveillance of viruses in the wild is a common way to discover new viruses and identify those
that may become zoonotic. One could study such an animal-infecting viruses to discover
its potential to infect humans. However, the estimate of the total number of animal viruses
in nature ranges from 260,000 to 1.6 million [17] and less than 0.1% of the animal viruses
have been known to infect humans[18]. It is infeasible to experimentally study and measure
all factors contributing to the transmission of viruses from animals to humans to identify
novel zoonotic viruses. Hence there is the need for computational methods to narrow down
the vast range of viruses to identify those with potential for human infection. We can then
subject these selected viruses to further experimental studies and determine the plausibility

of zoonosis.

These motivations inspired the founding of the U.S. National Science Foundation Center
for COMmunity Empowering Pandemic Prediction and Prevention from Atoms to SocietieS
(NSF COMPASS) center. The vision of the NSF COMPASS Center is to “accurately foresee
pandemics and proactively minimize their impact” [19]. The center’s research is focused on

studying how a virus IUL0O0 from one species to another, adapts and JUOIIUIOC inside a new
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:2Q;  T?B+ H Q HQ:BbiB+ H +QMbi> BMibX g2 b22F iQ /2p2HQT M
?Qbib U#Qi? 2ZmK M M/ MQM@?mK MV 7Q° rB/2  M;2 Q7 pB " mb2b
;2M2° HBx2iQ T 2/B+iBM; " "2 M/ mMb22M ?Qbib- br2HH b ?Qbib

RXRXj A/2MiB7B+ iBQM Q7 pB" H Kmi iBQMb

S 2/B+iBM: ?2Qr pB mb 2pQHp2biQ +? M:2i?2r v Bi BM72+ib ?Qb]
M/ 2bTQMb2 Q7 MBM72+iBQmb /Bb2 b2 Qmi# 2 FX h?2 2 Bb H +]
i? i+ M/'Bp2i?2 /2p2HQTK2Mi Q7 +QKTmi iBOM H KBM @RiXQ Hi?
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M/BM pBlpigh/B2b M Hvx2 i?2 2772+ib Q7 pB™ H Kmi iBQMb QM pB"
i?72 7TBM/BM;b 7 QK i?2b2 2tT2 BK2Mi Hbim/B2b "2 p BH #H2 QMH
i2ti BM b+B2MiB7B+ Tm#HB+ iBQMbX aBM+2 i?2 T +2 Q7 "2b2 "+?
pB QHQ;v? b ++2H2 i2/-2bT2+B HHv 7i2kKRRR-*RioB\b @ WN 2T bNB/2HKB
K Mm HHv 2pB2r M/ 2ti" +iBM7Q K iBQM HHTm#HB+ iBQMbX oOat+
UaAlVo Bb i?2 T ' Q+2bb Q7 B/2MiB7vBM; M/ "2i B2pBM; i?2 /2bB 2
i2ti BM "2b2 “+? Tm#HB+ iBQMbX g2 b22F iQ /2p2HQT K2i?Q/b 7
pB® H Kmi iBQMb i? i 772+ii?2 /Bb2 b2 T?2MQivT2 7 QK +Q Tmb
"2 2bT2+B HHv BMi2 2bi2/ BM mbBM; H ;2 H M;m ;2 KQ/2Hb UGG
TQi2MiB H BM mM/2 bi M/BM; ;2M2  HH M;m ;2 M/ T2 7Q KBM; "2
bmBi #H2 + M/B/ i2b 7Q aA1lX

RXRX9 GQM:@i2 K 2772+ib Q7 pB" H BM72+iBQMbX

a2p2° H pB> H BM72+iBQMb + mb2 HQM;@i2 K 2772+ibX i i?2 QM
BM72+iBQmb /Bb2 b2-i?22°2 "2MQbi M/ "/HQM;Bim/BM H+? ~ +i2
Q7 i?2 BM72+iBQMX h?2°2 Bb MQ r2HH@/27BM2/ iBK2 T2 'BQ/ iQ |
i2°K /Bb2 b2X :Bp2M i?2 H +F Q7 +H "Biv #Qmii?2 K MB72bi iBQM
2 "Hv T'2/B+iBQM mbBM; BM7Q K iBQM 7 QK QMHV i?2 BMBiB H BM
BKTQ'i Mi mMbQHpP2/i bFX hQ 7BHH i?Bb + BiB+ H; T-r2 b22F iQ /
iQ T'2/B+i i?2 HQM:@i2 K 2772+ib Q7 M BM72+iBQmb /Bb2 b2 mbB
i722H2+i ' QMB+ ?2 Hi? '2+Q /b Q7 T iB2MibX >2 Hi?+ "2 BMbiBimiB(
i?72 +QKTmi iBQM H K2i?Q/b iQ B/2MiB7v BM72+i2/ T iB2Mib r?Q K
HQM;@i2 K 2772+ibX
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RXk h?2bBb Q; MBx iBQM M/ +QMi'B#miBQN

AM i?Bb b2+iBQM-r2 # B27Hv /2b+ B#2 i?2 mT+QKBM; +? Ti2 b BM
i"B#mMiBQMbX

> 0lL, >B2" “+?B+ H ii2MiBQM 7Q  0B" H T QilBM@# b2/ ?Qbi BL7
i2 ' KVXAM i?Bb +? Ti2 -r2 /27BM2/i?2 TQHHQrBM; 6pB mb@?Qbi T
QMHV i?2 b2[m2M+2 Q7 pB  H T Qi2BM- T 2/B+i r?B+? ?Qbi i?2 pB
MQi ? M/IH2 Qmi@Q7@/Bbi'B#miBQM 7 +iQ'b bm+? b mMb22M ?Qb
K +?BM2 H2 MBM; KQ/2H + HH2/ 6>B2" "+?B+ H ii2MiBQM 7Q" oB
2M+2 U> 01LVO 7Q  i?Bb T'Q#H2KX Pm® TT'Q +? Bb i?2 7B biiQ T
bQHpP2 KmHiIB@+H bb T'Q#H2K- M/ iQ ;2M2° HBx2 iQ mMb22M ?Q
i Mb7Q K2 @# b2/ "+?Bi2+im 2 +QmTH2/ rBi? ?B2° "+?B+ H b2H7
[M2M+2b Q7 ?B;?Hv /IBp2 b2 H2M;i?bX g2 BMi2;" i2/ > 0l1lL rBi? T'(
H2 MBM; U6aGV +H bbB7B2  iQ bvbi2K iB+ HHv /2KQMbi i2i?2 ;2
T 2/B+iBM; " "2 M/ mMb22M ?Qbib- M/ ?Qbib Q7 mMb22M pB mb2bX

"Q#mbiM2bb- M/ ;2M2° HBx #BHBiv Q7 > 0l1lL i? Qm;? +QKT 2?2Ml
Pm' KQ/2H T2'7Q K2/ QM T " rBi? bi i2@Q7@i?2@ i UaPh V 7QmM,
651 @;000iBK2b H ;2" BM bBx2- M/ QmiT2 7Q K2/i?2KBM B/2MiB7vB
p B Mib Q7 +QM+2 " MX

0AGG , 0B'mb AM7Q K iBQM "2i'B2p H 7' QK b+B2MiB7B+ GBi2  im
'm ;2 KQ/2Hb U*? jMi2AM i?Bb +? Ti2 - r2 /2p2HQT2/ 7 K2rQ F iQ
“H Kmi iBQMb 7°QK b+B2MiB7B+ Tm#HB+ iBQMb mbBM; GGJbX

QM x2°Q@b?Qi M/ 72r@b?Qi T'QKTiBM; K2i?Q/b- M2;H2+iBM; i?2 b
m;K2Mi2/;2M2" iBQMU_ :V 7  K2rQ FbX h?2[m2'B2biQ GGJb 2 /2
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i bFb 7Q r?B+? GGJb "2 mM 2HB #H2 /m2 iQ BM+QMbBbi2M+B2b B
aAlBMPpB QHQ;vBb H2bb2 2tTHQ 2/ /m2iQi?2H +FQ7 MMQi i2//
bim/v-r2T QTQb2/ MQp2H6JIJmHIB@H2p2H _ :67 K2rQ F7Q aAl |
bBp2 2p Hm iBQM Q7 rB/2@ M;2 Q7 GGJb b 2K#2//2°b M/ "2bTQN
_ 7B bi B/I2MiB7B2/ HH "2H2p Mi Tm#HB+ iBQMb 7Q" ;Bp2M [m2
/2bB 2/ BM7Q 'K iBQM 7 QK 2 +? b2H2+i2/ Tm#HB+ iBQMX g2 +m" i
BM7HmM2MX pB" HT Qi2BMb M/ /27BM2/ M QT2M@2M/2/i bF Q7 2
b+B2MiB7B+ HBi2" im 2X g2 mb2/i?Bb i bFrBi? i?2 BM7HmMm2Mx /i
mi2 i?2 MQp2H KmHiIiB@H2p2H _ :- b2p2  H ;2M2 H@Tm TQb2 GG.

M/ @# b2/ 7 K2rQ FbX h?Bb BM+HmM/2/ b2H7@/2bB;M2/ _: rBi
rBi? 7mHH@i2ti- M/ bi i2@Q7@i?2@ 'iaAliQQHbX Pm> KmHIiB@H?2
_ :@# b2/ iQQHb BM 2ti° +iBM; pB  H Kmi iBQMbX

S'2/B+iBp2 KQ/2Hb Q7 HQM; *Po@V.XANM iPIRb +? Ti2 -r2 7Q+mb2/ QM
*PoA.-r?B+? Bb /Bb2 b2 +QM/BiBQM r?2 2BM T iB2Mib 2tT2 B2M +
RN bvKTiQKb 7Q° HQM; T2'BQ/ Q7 iBK2 Q  /2p2HQT M2r bvKTiQk
a_a@*Qo@k BM72+iBQMX g2 /2p2HQT2/ K +?BM2 H2 "MBM; KQ/2H|
HQM; *PoA. BM *P0A.@RN T iB2MibX q2 i BM2/ HQ;BbiB+ 2;2bbBQ
QM /Bp2 b2 72 im 2b 2ti’ +i2/ 7°QK 2H2+i ' QMB+ ?2 Hi? 2+Q /b U1l:
BML iBQM H*P0oA.*Q?Q i *QHH #Q  iBp2 ULj*V-i?2H “;2bi +QHH?2-
i?721aX h?272 im2b BM+HmM/2/ T 2@2tBbiBM; +QKQ #B/BiB2b BM T |
Bbi2 2/iQi?2*PoA.@RNT iB2Mib- bvKTiQKb 2tT2 B2M+2/ #v i?2K-

mb2/ /m BM; i?2 T iB2Mib6 +mi2a _a@*Qo@k BM72+iBQM T2 BQ/X
ivI2b Q7 +Q?Q ib, *POA.@RN T iB2Mibr?Q r2°2?2QbTBi HBx2/ UBMT
UQmiT iB2MibV /m BM; i?2 +mi2 *PoA.@RN BM72+iBQM- M/ +QKH#
T iB2MibVX Pm’ +H bbB7B+ iBQM TBT2HBM2 BM+Hm/2/ bi i2 Q7 i?
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bm+? b 2p Hm iBM; i?2 i’ BM2/ KQ/2Hb QM M mMb22M- BK# H M+
"2b2Mi iBp2 Q7 i?2 "2 HrQ H/ b+2M "BQbX IbBM; i2+?MB[m2b iQ 2t
7Q 2 +?2 T iB2Mi- r2 mM+Qp2'2/ K Mv 72 im 2b i? i r2°2 +Q "2H i2/
i° BM2/ KQ/2Hb QM /i 7°QK QM2 Lj* T “iM2 M/ i2bi2/ QM / i 7 QK
h?2 T2 7Q°K M+2 Q7 i?2b2 T 2/B+iQbr b QM T ~rBi? i?2 +H bbB7B
bQm +2bX h?Bb + Qbb@bBi2 M HvbBb BMbiBHH2/ +QM7B/2M+2 BN
K2i?Q/QHQ:;v T ' QTQb2/ BM i?Bb +? Ti2 X



*? Ti2 K

> 0lL, >B2 +?B+ H i1i2MiBQM 7
oB HT QilBM@# b2/ ?Qbi BL72

"H2bbv MiQMVV K > :? MB- / K G m BM:- MmD E T iM2- M/ hX J
6> 0l1L, >B2> "+?B+ H ii2MiBQM 7Q 0B  H T QilBB@ #B®/M2Qbi B
kyk&j) X

kKXR AMi"Q/m+iBQM

S i?Q;2Mb Q'B;BM iBM; 7°QK MBK Hb? p2+ mb2/ TT QtBK i2Hv ey
2mK Mbk@X h?2°2 K v#2 bK Mv b RXeJ pB mb2bREXi BMYahkiMMBK |
Q7 i?2b2 pB " mb2b +QmH/ T Q#kHNVABNBDH2BM 7 K BHHR iQ 2tT2 BK2M
2 +?2 pB"mb iQ /2i2 ' KBM2 Bib ?QbiUbVX >2M+2-r27Q+mb QM i?2 7Q
‘Bp2M QMHV i?2 Mm+H2QiB/2 Q" KBMQ +B/b2[m2M+2 Q7 pB' H ;2
?Qbii?2 pB " mb KB;?2i BM72+iX ++m” i2 K2i?Q/b7Q  i?Bb 6pB " mb@"
?2HT mb #2ii2" mM/2 bi M/ i?2 Q B;BM Q7 BM72+iBQmb /Bb2 b2bX

0B " mb@?Qbi T°2/B+iBQM KQ/2Hb Kmbi UBWD 2R x2BBbi,? ~ KQr/ ZH ,i ?
;2M2° HBx2b iQ mMb22M pB mb2b + M ?2HT B/2MiB7v TQi2MiB H 7?1
BM 2 "Hv Qmi# 2 F /2i2+iBQUWBIBMD 22MTDQOEBX i?2 TQi2MiB H 6 2b2"
BMM im2 Q7 M2rHv@2K2 ;BM; pB " mb K v MQi #2UBBB3\BiBM i B

N



Ry+Nzy 7 IY? p2M-207 72 «<NO«za Té OnéAn pO zay i 20éA27
H #2H2/ /i, i?72°2 Kv #2 p2'v 72r pB" H b2[m2M+2b p BH #H2 7Q
bim/B2//m2iQ ;2Q; T?B+ HQ HQ;BbiB+ H+QMbi® BMibX

a2p2° H bim/B2b ? p2 i’ BM2/ K +?BM2 H2 "MBM; UJGV K@/2Hb iQ
kdk3KkNjy-jRjk-jj-j9j8je-jd-j3)X h?2b2 K2i?Q/b ? p2 K DQ  HBKBi iB
T2M/BEXKX JQbi KQ/2Hb 7Q+mb QM QMHV QM2 pB" H bT2+B2b Q" 7 K
Q' "2H i2/;°QmT Q7 T Qi2BMb bm+? b bi m+imk&kDXQb2BWHR Q7 +1
i?2v /Q MQi ? p2i?2 #BHBiviQ ;2M2° HBx2 iQ mMb22M pB mb2b Q"
b2[m2M+2 Q7 M2K2 ;BM; pB mb-i?2b2 K2i?Q/b "2 MmMHBF2HViQ T°
2tBbiBM; TT Q +?22b +QMbB/2° QMH®BHKBR|jvje)H /bR BB PRGNE mb
BM72+i bT2+B7B+ ?2Qbi Umbm HHv- ?2mK MV Q  MQi\ >2M+2- i?2b:
+ #H2 iQ T 2/B+iBM; i?2 MBK HQ "2b2'pQB  ?Qbi Q7 pB mb BM N
+ M T 2/B+i KmHIiBTH2 ?Qbi H #2Hb + Qbb /B772 2Mi i tQMQKB+ °
+ MMQi K F2 ++m’ i2 T'2/B+iBQMb ;Bp2M QMHV i?2 b2[m2M+2 Q7
i° BM2/ QM Q ; MBbK@H2p2H HBMFEjd-B3IX B 2B b @ BEBi MR Q) FHb Q
iQ TT Q +?2bi? ii'2 ii?2 T'Q#H2K b QM2 Q7 HBMF T 2/B+iBQM BI
M2irQ jibjk-j9-j8) X

Pm> TT'Q +? iQ bQHpPBM; i?2 pB mb@?Qbi T'2/B+iBQM T ' Q#H2K /Q
Bi iBQMbX 6B bi-r2 /B/ MQi "2bi"B+i Qm > 7Q+mb iQ Mv T Qi2BM 7
b+QT2 M/ TTHB+ #BHBiv Q7 i?2 KQ/2HX a2+QM/-r2 +QMbB/2 2/ K
b22FiQ T 2/B+ii?2 ?2QbibT2+B2b 7 QK ;Bp2M pB  Hb2[m2M+2- 2M-
#°Q /  M;2Q7 MQM@?mK M ?2QbibX EMQrH2/;2 #Qmii?2 MQM@ ?m}|
M mM/2 bi M/BM; Q7 Bib 2pQHmiBQM “vi D2+iQ'v M/ K vBM7Q K
+QmMi2 K2 bm 2bX 6BM HHv- r2 bvbi2K iB+ HHv /2KQMbi  i2/ Qm"
i7°22 ;2M2° HBx #BHBiv +? HH2M;2b #v BMi2;  iBM; Bi BMiQ 72r@%t
aT2+B7B+ HHv-r2 ++m’ i2Hv T 2/B+i mMb22M M/ "2 ?2QbibX q2



IYSYBé iz « Oifé RR

/IB+ib22M M/ mMb22M ?2Qbib7Q mMb22M pB mb2bX g2 #2HB2p2 i? |
M/ /2KQMbi® i2 HHi? 22 /2bB" #H2 ;2M2" HBx #BHBivi Bib Q7 p

Pm  KQ/2H- + HH2/ 6>B2" "+?B+ H ii2MiBQM 7Q 0B  HT Qi1lBM@#
mb2/ T 2i  BM@i?2M@7BM2imM2 T ~ /B;K# b2/ QM i?2 "B/B 2+iBQ
7°QK h™ Mb7Q K2 ' bjN"1+RBieg+im 2X _ i?2° i? M mbBM; QM2 T Qi2
T'2@i° BM2/ > 01L QM i?2 mMBp2'b2 Q7 HH pB" H T'Qi2BM b2[m2
QM bBKBH "Biv i? ir2 /2b+ B#2 H i2 ' X hQ Qp2 +QK2 i?2 / r# +Fb
i2BM b2[m2M+2b-r2 bmTTH2K2Mi2/i?2 "1_h KQ/2H rB9yX B2 "+?B+
#2M+?2K "F2/i?22 T2 7Q K M+2 Q7 > o01lL ; BMbibi M/ "/ K +?BM2 H2
bBQM KQ/2Hb / Ti2/ 7Q  b2[m2M+2 /i - "2+m "2Mi M2m~ H M2irQ"F
bi i2@Q7@i?2@ i T'Qi2BM H M;m ;2 KQ/2Hb UTGJbVX q?2M 7BM:
bT2+B7B+ 7 KBHv Q7 pB mb2b- M K2Hv +Q QM pB mb2b- > o01lL 2t~
+QKT "2/iQ bi i2@Q7@i?2@ i TGJbBM ++m’ i2Hv B/2MiB7vBM; ?C

6B:m 2 KXR, 01L “+?Bi2+IM\V2X b2i *QMbi m+iBQMX .Bbi'B#miBQM
i?2U*LQM@Ao0 / i bQiVAO / i b2iX h?2 LOM@Ao/ i b2i +QMbBbi2/ Q7
2Qbib 1\99 " "2 ?2Qbib rBi? T 2p H2UWX Hh2I2bAG@ /M b2i +QKT Bb2/ Q7
?2Qbib rBi? >QKQIIBWAYMIQKBM iBM; i?2 /36 PQbiMIBI? MQ KQ 2 i? M
0:01W T 2p H2M+2X
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kXk _2H i2/ qQ'F

Am+?B DRAXYPB/2/ M 2ti2MbBp2 "2pB2r Q7 +QKTmi iBQM H K2i?2Q/
Q7 MBK H M/ pB MpB mb2b M/ # +i2 " BQT? :2bX h?2 K2i?Q/b " M;:
H2 "MBM; UJGV +H bbB7B2 b bm+? bF@M2 “2bi M2B;?#Q b- bmTT
7Q0°2bibiQM im  HH M;m ;2 T Q+2B0Ekd) X IhGSBMOAHHQ i?2 72 im
# b2/ JG K2i?Q/b BM+HmM/2/ MmM+H2QiB/2 +QKTQbBiBQM- KBMQ +
7 2[m2M+v- /Bbi'B#miBQM Q7 ;"QmTb- +QMDQBMii'B /b- T?vbBQ-
F@K2 T'Q7BH2b Q7 i?2 pB" Hb2[m2M+2bX 1tBbiBM; bim/B2b + M #
ivTI2b M K2BB-M v +H bb BBBWHBR@H #2H +H bbBBBW FBIQ RI/-B-MB QM
BM M2irQ FX

K DQ'BivQ7i?2bim/B2bi'2 ipB'mb@?QbiT '2/B+iBQM b #BM ‘v +
M2Mb2K#H2 Q7 aB K2b2@# b2/ M2irQ " Fb +QKT ' BbBM; +QMpQHmMIiB
i2°K M2irQKFX (?Bb KQ/2H H2 "M2/ BM7Q K iBQM 7"QK # +i2°'B H ;=
i?2B° "2p2'b2 +QKTH2K2MibiQ T 2/B+ii?2 TQi2MiB HQ7 # +i2°B iQ
2ti2M/2/ 1?2 bim/v iQ T ' 2/B+ii?2 ?Qbi Q7 pB ™ mb b ?mK M Q" MQM
PBKkHX JQHH2MIixjR2BKHAHX ZK2Mi2/ ;" /IB2Mi #QQbi2/ K +?BM2 H2 "N
iQ bb2bb i?2 "BbF Q7 MBK H pB mb2b BM72+iBM; ?mK MbX h?2v
pB' H ;2MQKB+ BM7Q 'K iBQM bm+? b +Q/QM mb ;2 #B b2b- KBMQ
#B b2b- M/ i?2 bBKBH "Biv #2ir22M pB" H M/ ?2kgKm\b 22 MQIQbiRB 2 M
"2;°2bbBQM i"22b iQ +H bbB7v /B772°2Mi K KK Hb b ?Qbib Q7 Qi
H2p2 ;2/ pB H ;2MQKB+ 72 im 2b M/ ?Qbi2+QHQ;B+ Hi BibX oB"
+H bbB7B2" T '2/B+iBM; i?2 TQi2MiB H Q7 pB ' mb iQ BM72+i ?mK
KQ/2H +Q "2bTQMIKR2TIBM i?2 pB™ H ;2MQKE+AIN2 [IpZMAL( GBm 2i

je) +QM+2Bp2/ 2 +?2 pB mb b # ; Q7T Qi2BM b2[m2M+2bX h?2v Q#
b2[m2M+2 mbBM; T Qi2BMH M;m ;2KQ/2HUTGJVX6Q 2 +??2QbiQ
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M2r ii2MiBQM@# b2/ KmHiIiBTH2@BMbi M+2 H2 "MBM; +H bbB7B2
T 2/B+i2/i?2 bbQ+B iBQM #2ir22M pB mb# ; M/ ;Bp2M ?QbiX

bK HH MmK#2" Q7 "2+2Mi KQ/2Hb ? p2i?2 + T #BHBiviQ T 2/B+i K|
B+ HHv bT MMBM; /B772 2Mi i tQMQKRBjd-]3WF Ih @M ; ; BpR Mt B2 M@ K
b2[m2M+2 b BMTmi- jd) 6B25@bii(rQ@H v2 s:"QQbi KQ/2H iQ T 2/B+
+ Qbb /B772 2Mii tQMQKB+ > MFbX 1 +? H v2  bQHp2/ KmHiB+H &
7B biH v2 T 2/B+i2/i?2?Qbi ii?2FBM;/QK M/ T?VHmMK H2p2H-r?B
QM i?2 +H bb M/ Q' /2 H2p2HbX h?Bb KQ/2H mb2/ irQ ivTi2b Q7 72
"2H i2/ pB mb ;’QmTb B/2MiB7B2/ # b2/ QM b2[m2M+2 HB:MK2MiX
/2Mi _L 0B >Qbi KQ/2Hb 7Q  /B772 2Mi Q /2 b 3) B p BM2\2b XKaBI'2 Q 7
bBt ?B2° "+?B+ H +H bbB7B2'b-2 +? 2tTHQBIBM; /B772 2Mi ivT2b (
b;2MQK2 M/ T Qi2BM b2[m2M+2b- b2[m2M+2 +QKTQbBiBQM- M/
BMi2  +iBQM M2irQ FbX 6Q° ;Bp2M BMTmi- 2 +? Q7 i?2 bBt ?B2°
?2Qbi H #2Hb i? i bT MM2/ /B772 2Mi i tQMQKB+ >~ MFb 7 QK T?vHmE
“+7Bi2+im 2 ;:°2;i2/i?2 T 2/B+iBQMb 7°QK i?2 BM/BpB/m H +H bb
HBM2 ~"2;°2bbQ  7Q 2 +? H #2HX

h?2 i?B / + i2;Q'v Q7 bim/B2b 7° K2/ pB'mb@?Qbi T '2/B+iBQM b

BM pB mb@?QBy-MK2jBQBFX( q /2?2 2ijyWX22HQT2/ 7  K2rQ F rBi-
i?7°22 TT'Q +?2b iQ T 2/B+i M2r HBMFb #2ir22M FMQrM pB mb2b M
7B bi K2i?Q/ /QTi2/ HQ+ H- K KK HB M T2 'bT2+iBp2, i?2 mi?Q’
#BM v +H bbB7B2 b 7Q° 2 +? K KK HB M bT2+B2b iQ T 2/B+i bbQ-
Q7 FMQrM pB mb2b- mbBM; #BM "v- + i2;Q B+ H- M/ +QMiBMmQmb
b2+QM/ K2i?Q/ iQQF HQ+ H-pB' HT2'bT2+iBp2 mbBM; #BM ‘v +H
7BM H ;HQ# H TT'Q +? mb2/ KQiB7b 7°QK i?2 pB " mb@?Qbi M2irQ" |
2 +? TT Q +? M/ 7Q 2p2'v bT2+B2b-i?2v b2H2+i2/ 1?2 #2bi T2 7
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bmTTQ i p2+iQ° K +?BM2- M2m™ H M2irQ F@# b2/- M/ i 22@# b2/
i?72 7TBM/BM;b 7' QK HH i?7°22 TT Q +?2b iQ K F2 7BM H T 2/B+iBC
HBMFbX MQi?® HmMQVT(2/B+i2/ KBbbBM; 2/;2b BM pB mb@K KK
72 im2@ :MQbiB+ K2i?Q/ + HH2/ G6@ao0.X h?Bb KQ/2H +QK#BM?2/
p HM2 /2+QKTQbBIiBQM M/ H2p2" ;2/ M2irQ ' F bi'm+im 2 T ~ K2i2"t
12;°22- M/ +QMM2+iBpBiviQ BKTmi2 i?2 pB mb@pr@bi2M®iZ2QQF XK @ N
# b2/ K2i' B+b bMQ/272 im 2biQi BM#BM 'v M/ KmHiB@+H bb- K
+H bbB7B2'b iQ T 2/B+i HBMFb UH #2H2/ rBi? ?2QbibV #2ir22M MQ
0>ASQ T 2/B+i2/ pB mb@?QbiBMi2° +iBQMbBM K Mm HHv +m" i2/
Uo> M2iVX h?Bb M2irQ ' F+QMi BM2/pB mb@?2QbiT B'b M/i?2B" +
mi?Q b i> BM2/ :  /B2Mi #QQbiBM; KQ/2H mbBM; ?QKQHQ:v M/ +
b2[Mm2M+2b Q7 pB mb@?QbiT B bi? i+ Tim2/BM7Q K iBQM #Qmi
bB:M HbX h?2 72 im 2b BM+Hm/2/ KQiB7b bbQ+B i2/rBi? *_AaS_

i Mb72 #2ir22M pB rR® KW/ 7TQRIDBH2 bBKBH “BiB2b- M/ i?2B" :* +(Q

1tBbiBM; TT ' Q +?2b ? p2i? 22 F2v HBKBi iBQMbX 6B bi- KQbi Q7 i
/'i 77QK bBM;H2 pB > HbT2+B2b Q7 KBHvX h?mb-i?2vH +F i?2 +
PBQmMbHV MMb22M pB mb2b Q  ?2QbibX a2+QM/- K Mv K2i?Q/b 2 2b
i bFb, /2i2"KBMBM; r?2i?2° pB mb+ MBM72+i bT2+B7B+ ?2Qbi UQ
i72b2 TT'Q +?2b "2 MQi TTHB+ #H2 iQ T 2/B+iBM; i?2 MBK H Q'
BM M im 2X 6BM HHv- i?2 KmHIB@H #2H M§-NRiBQFi@# d2 TT Q
i° BM2/ QM pB " mb@?Qbi M2irQ Fb Q#i BM2/ 7°QK bQm +®Hbm+? b
M/ oA_AKIBX M 2/;2 BM i?2b2 M2irQ Fb BM/B+ i2b bbQ+B iBQM
?2Qbi ii?2 Q' ; MBbK H2p2HX h?2°27Q°2- i?2b2 KQ/2Hb + MMQi 1
BM/BpB/m H T Qi2BM b2[m2M+2 Q7 pB mbX

h?2b2 Q#b2 p iBQMb KQiBp i2/ mbiQ /2p2HQT pB mb@?Qbi T 2/B
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"2b2 “+? ; TbX h?2 KQ/2H b?QmH/ #2 i° BM2/ QM +QKT 2?2MbBp2 .
MBM; #'Q /> M;2 Q7 pB mb2b M/ ?Qbi Q" ; MBbKbX :Bp2M pB  HT
b?QmH/ bQHpP2 KmHiB@+H bb +H bbB7B+ iBQM i bFX h?Bb KQ/2}
++m i2 T°2/B+iBQMb 7Q  ?2Qbib M/ pB mb2b MQi b22M /m BM; i?2

kXj _2bmHib

q2 /27BM2/ i?2 pB " mb@?Qbi T'2/B+iBQM T Q#H2K b 7QHHQrb, ;By
pB mb-T 2/B+ii?2 ?2QbiBM72+i2/ #vi?2 +Q '2bTQM/BM; pB mbX g2
i?Bb +H bbB7B+ iBQM T ' Q#H2KX ai 'iBM; 7°QK T'Qi2BM b2[m2M+ 2t
BM72+ip2 i2#° i2br2 +m’ i2/ KmHIiBEKRXRqR 2mib D/a/B+7/i B MMi bm#b 2
i?Bb mMBp2'b H/ i b2iiQ 2p Hm kXSaMMA2ap+IBQMb b2iiBM;bX q2 7
b2bb2/ > 01L6b #BHBiviQ T 2/B+ii?2 KQbi +QKKQM ?2Qbib Q7 MQM ¢
UMQM@AO / i b2iRXOXR 1iBtQ-M2 7TBM2@imM2/ > olL rBkX @& Ua2+iB
T 2/B+i mMb22M M/~ "2 ?2Qbib BMi?2 MQM@Ao /i b2iX 6BM HHv- |
K M+2BMT 2/B+iBM; ?Qbib Q7 mMb22M pB mb2b mbBM; b2[m2M+2b
/i b2iVX

g2 T'2@i° BM2/ > bAKBWHBQM pB" H T'Qi2BM b2[m2M+2b mbBM; K
2HBM; UaRXMBQM? Qm;? i?Bb b2H7@bmT2 pBb2/ H2 "MBM; T Q+2b
;2M2° i2 2K#2//BM;b Q7 T ' Qi2BM b2[m2M+2b Q7 Mv H2M;i?X q2 7
KQ/2H iQ T 2/B+i pB mb@?Qbib BM /B772 2Mi b+2M "BQbX
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kXjXR S 2/B+iBQM Q7 *QKKQM *H bb2b BM i?2 MQM@ A

6B;m 2 kXk, .Bbi B#WiFRM @Q@i?3 * WMMH bbrBb2@ IS_*b+Q 2b (
HH KQ/2Hb BM T 2/B+iBM; i?72 7Bp2 +QKKQM +H bb2b BM i?2 MQ!
G -GQ:;BbiB+ 2;'2bbBQMc _6-_ M/QK 6Q 2bic aoJ-amTTQ i 02+iC
+QMM2+i2/ L2m" H L2irQ Fc *LL- *QMpQHmMIBQM L2m ™ H L2irQ Fc
L2irQ ' Fc GahJ-GQM; b?Q i@i2 K K2KQ vX

g2 7B bi +QMbB/2°2/ ?QbiWrBi2piH2MBi2 BM i?2 MQM@Ao / i b2i M/
>01LiQ T 2/B+i7Bp2bm+? 6+QKKGMAWXNQRib QEEZ+iB/Q/M2 T2 7Q K M
Q7 > 0lL rBi? i?2 # b2HBM2 KQUBINDVMEM + HG #B-MbHB7B2 b, GQ;BbiB+
bBQM UG_V-_ M/QK 6Q 2biU_6V- M/ amTTQ UBBB4H 68 QM @*B M2/ UaDT
H2 "MBM; U.GV KQ/2Hb, *QMpQHMIBQMBEBW; hi L2i@®@ BA*IGLKQ/2H!I
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2+m "2MiL2m> HL2irQ'FU_LLV-GQM: b?Q i@ iPDBEGRIKY /BWOGAKhJ
TGJb, S°Qih8- S Qbih8- M/ 1aJljX

g2 2T2 i2/ HH 2tT2 BK2Mib 7Bp2 iBK2b rBi? /IB772 2Mi bTHBib Q7
i2biBM;X 6Q 2 +? KQ/2H-r2 K2 bm 2/ i?2 "2 mM/2 T 2+BbBQM@
2 +?2 ?2QbiiQ 2p Hm i2 M/ +QKT "2i?2 T 2/B+iBXMK202ZTHQM22 Ua
i22 /Bbi'B#miBQM Q7 i?2K + Q@ IS _*U p2° ;2Q7 IS _*7Q 2 +2 ?2Qt
"mMb X

>0lL rBi? K2/B MK + Q@06F_MQBMi2 @[m "iBH2 “OM22ZTRA@_V Q7
7Q°K2/ bB;MB7B+ MiHV #2@ p HIOXM 10E-UW MM@q?BiM2v I i2biV- Gah.
@97 103V- S'Qbim8 UO02VX > o0l1Lr b QM T " rBi? S°'Qih8 UK2/B M K
IS_*4067c AZ0O1V M/ 1aJ}68c005V UGB ;mX¥ X g2 i?2M +QKT "2/ i?2
KQ/2Hb 7Q 2 +? BM/BpB/rhXH/XH b K@B2 b2 p2 pB im HHv bBKBH °
7Q° i?2 /IQKBM Mi ?mK M +HOBBOWV ERI M KMAR M 1999X > o1l

T2 ' 7Q K2/ r2HH BM T 2/B+iBM; i?72 MQM@?mMK M +H bb2b /2bTBi2
BM i?2 H #2H2// i, TB;402W2p K22 B #\2 41 S0:60& AZ 0089V - + Tv# °

Wo6W 0:64d:16V- ?BK H v M KL70QGA20:06V- M/ 2/ DmMLH2EBRE U
0:04VX S'Qih8 M/ 1alJj HbQ ? / +QKT " #H2 T2'7Q'K M+2 iQ > ollL
MQM@?mK M +H bb2bX

kXjXk S 2/B+iBM; _ "2-IMb22M >Qbib

IM+Qm” ;2/ #v i?22 T2 ' 7Q K M+2 Q7 > 0l1lL 7Q° +QKKQM +H bb2b- r:
iQ T '2/B+i~ "2 +H bb2b mbBM; 6aG BM i?2 MQM@Ao /i b2iX LQi2 i
/Im BM;i?2i° BMBM;/QM2bQ 7 - #v kXM i +i BQIN U M+ PBHQM b2p2°
T QiQiviB+ H M2irQ'F +H bbB1BR @B PQp +QBW;B;m" iBR&MHOUa2+i
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6B;m 2XI8 X9 M/X¥X b 2tT2+i2/-r2 Q#b2 p2/ /2+ 2 b2 BMi?2 +H bl
p HM2K BM+'2 b2/ 7°'QK i? 2N@Q $@m>2?8M+H bbB7/B2 8 B/ 7 QK

7Bp2iQ QMX@BWi@0?Qi +H bbB7B+ iBQMX q2 b2HZB42/5@b20hi T2 7
+H bbB7B2  7Q  bm#b2[m2Mi M Hvb2bXk X« 72ib TQR Mi iBM 6 B2mrid
7°QK i?2i2bi/ i b2i b2H2+i2/ BM Mv QM2 Q7 i?2 7Bp2 Bi2' iBQMb Q

6B;mkXjb?Qrb i?2 /Bbi'B#miBQM Q7 I|I3@% B«b2QiAaG +H bbB7B2"
2 +H bb2b BM i?72 MQM@Ao /i b2i THQii2/ ; BMbi +H bb T '2p H2
U+ Qbb HH Bi2' iBQMb-2TQ+?b- M/ 2TBbQ/@IVi PR3 B#¥? +H bb °
/[2+°2 bBM; i'2M/ b i?2 T '2p H2M+2 Q7 ~ 1aNV+ilQO5N\20 EQ iMR Y -71T TK

K2/B M +H bb T ' 2pOH@W 4R br KTH2bV #mi i?2 K2/B M IS_*r b b ?B;
0:68- bm;;2biBM; i? i > 0lL ? bi?2 #BHBiviQ K F2 ?B;?@[m HBiv M/
Q7 pB ' mbdb ?2Qbi 2p2M r?2M i?2 MmK#2™ Q7 b2[m2M+2b Bb p2 v bK

6B:m 2 KXY*H bb@rBb2 IS _* Q7 > olL 7BMZD i %@R7 ibBM MBM; +Q
7B;m’ iBQM iQ T 2/B+i mMb22M * "2 ?Qbi +H bb2b ; BMbi i?2 +Q"°
+H bb2b BM i?2 " "2@?Qbi MQM@Ao / i b2iX h?2s M/ u t2b K “;BM
iBQM Q7 i?2 IS _*b+Q 2b M/ i?2 +H bb T 2 "N.B\#+ Bo# h2ilBTRM i@ P A M3
+H bb@rBb2 IS *mbBM; > 01l BEM %@ M2 /6r88G?+H bbB7B2  iQ T 2,
b22M > "2 ?2Qbi +H bb2b BM i?2 LQM@Ao0 / i b2iX h?2 +H bb2b TT2
T '2p H2M+2 BM i?2 MQM@Ao0 / i b2iX
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6B;mRX'jb?Qrb i?2 /Bbi B#miBQM Q7 IS *p Hm2b 7Q 2 +? +H bb
2TQ+?b- M/ Bi2  iBQMbX PM2 Q7 i?72 7Qm " +H bb2005Wi®k92 HQr2
b KTH2bW rHKQ bWHiH MiB+ b HKQMVX h?2 IS *b+Q 2b 7Q  i?Bb +H
0:19i O3 rBi? K2/B M ISO05X7h?Bbp bi™” M;2BMT2 ' 7Q K M+2 + M #2
IQirQ7 +iQ b M K2Hv-T m+Biv Q7 H #2H2/ /i M/ i?2 p vBM; H2p:
iBM;mBb?BM; #2ir22M i?2 i? 22 M/QKHv b KTH2/ " 23w+ bb2b BM
5@b?Qi 6aGX *QMi” biBM;Hv- i?2S2iS¥Bo++Q mhia@TBi? AbH M/ "Q#BNM
+H bb rBi? i?2 ?B;?2bi U82W HCQM2iQZ b2H2+i2/ " "2 +H ®®Ab ~ M;2/ "
Q@98 rBi? K2/B M p HmMDXnhPB® ?B;?22 T2 7Q K M+2 7Q° +QKT " i
T 2p H2Mi +H bb "2BM7Q +2/i?2p Hm2 Q7 KQ 2 H #2H2/ b KTH2b i

kXjXj S 2/B+iBM: >Qbib Q7 IMb22M 0B mb2b

g2 mb2/i?2 Ao/ i b2i WEAMKFBQNN;2 i?2 ;2M2° HBx #BHBiv Q7 i?2 > o
7°QK i?2 T°2pBQmb M HvbBb BM B/2MiB7vBM; ?Qbib Q7 mMb22M g
+QmMi2 i?Bb /i b2i BM Mv 7BM2@imMBM; 2tT2 ' BK2Mib /QM2 bQ
mM/2 irQ /B772 2Mi 6aG T 2/B+iBQM @XQMW®v6IB2 BB, 5@ & 2 0iiB Q M
+H bbB7B2" BM3HMR[M22Qbib U7QImMMD2EMM/FMQrM iQ #2 BM72+
BKKMMQ/27B+B2M+v pB mb2bX 6Q 2p2°v b KTH2 BM i?2 Ao / i b2
T Q# #BHBiv7Q 2 +?2 Q7 i?2 kj +H bb2bX g2 HbQ TH +2/2 +?2 b2[m
i72° MFUQMi Q7 kjV Q7 i?2 T Q# #BHBiv T 2/B+i2/ 7Q  i?22 i'm2 +H
+i2;Q°B2b r2°2 6hQT ° MF6 U MF4Q@M2W®hQTHhQN BbEBMFbo U

" ME3V-6hQT Ry 10OMFbM&EBYV- Q" 6> MB UGB kX¥ X h?2 T'QTQ iBQM Q
+Q "2+i T 2/B+iBQMb 7Q" b2[m2M» QKD B K B2MWIQ HBM214 83bcU

T 2p H29@34ZWV r 458W X (2 "2+Q:MBxXx2 i? i i?2b2 ++m’ +B2b + M #2
BKT Qp2/X Ai Bb HBF2Hv i? i mbBM; QMHvV 7Bp2 b2[m2M+2b iQ +QKT
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