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Abstract.
ming (ALP) approach for assisting clinicians in the selaetdf anti-
retroviral drugs for patients infected with Human Immunficiency
Virus (HIV). The approach is comparable to laboratory ggpiat re-
sistance testing in that it aims to determine which viral atiohs a
patient is carrying and predict which drugs they are mostlyike-
sistant to. But, instead of genetically analysing sampfahevirus
taken from patients — which is not always practicable — opraach
infers likely mutations using the patient’s full clinicalstory and
a model of drug resistance maintained by a leading HIV rebear
agency. Unlike previous applications of abduction, ourrapph
does not attempt to find the "best” explanations, as we caernev
be absolutely sure which mutations a patient is carryingh&athe
intrinsic uncertainty of this domain means that multipleeaiative
explanations are inevitable and we must seek ways to extssst
ful information from them. The computational and pragmé&ues
raised by this approach have led us to develop a new ALP mekhod
ogy for handling numerous explanations and for drawing istezhs
with associated levels of confidence. We presentiot@ilico Se-

This paper presents a new Abductive Logic Program-

This paper presents an experimental logic-based apprbathadn
assist in the interpretation of resistance tests by alssoreag with
clinical data summarising the success or failure of previtreat-
ments. In particular, we describe a system caithe8ilico Sequencing
Systen{iS3) that uses Abductive Logic Programming (ALP) [12] to
compute sets of mutations that explain a patient’s treatimistory.

A unique feature of this system is that it can make recommamua
even in the absence of resistance tests — which may not betian op
for many patients due to prohibitive costs, restricted asa@ tech-
nical limitations. In brief, iIS3 uses the same rules as st&ithe-art
HIV resistance test interpretation algorithms, but, ingt®f using
themforwardsto predict likely drug resistances implied by observed
mutations, it uses thermackwardsto explain the observed drug re-
sponse of a patient in terms of likely mutations.

A notable feature of this application domain is that even nvee
sistance tests are available we can never be absolutelywdich
mutations a patient is carrying, and so multiple explamegiare un-
avoidable. Thus, in contrast to existing work on abductighich is
aimed at finding the so-called "best” explanations, we musipa

guencing SysterfiS3) for reasoning about HIV drug resistance as aa more pragmatic approach that accepts the plurality oftisols

concrete example of this approach.

1 Introduction

The World Health Organisation estimates 40 million peoptele+
wide are infected with Human Immunodeficiency Virus (HIVin&
there is no cure for this disease, medical intervention aornsost-
pone the life-threatening collapse of immune function kn@s Ac-
quired Immune Deficiency Syndrome (AIDS) [15]. Although @ot
combinations of drugs can slow its progression, the treatmieH|V
is complicated by the propensity of the virus to accrue niomatthat
confer resistance to known medications. Thus cliniciares aiten
faced with the task of designirsglvage therapiefor patients whose
first- or second-line treatments are failing.

To improve the likelihood of finding effective salvage theies
medical guidelines advocate the use of laborat@sistance tests
to help identify which viral mutations a patient is carryiagd pre-
dict which drugs they are most likely resistant to [8]. Butlsuests
require expert interpretation as they cannot reliably ctat@nority
strains of the virus in a patient’s bloodstreamaochivedstrains re-
siding in less accessible tissues which may conceal drugtaes
mutations. Thus clinicians must carefully analyse a pétenedical
history in order to infer the presence of other likely mutas not
revealed by resistance testing.
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and seeks to extract useful information from them. To thid ee
propose a three phase method comprising: (i) the developaien
heuristic ALP model based on experimentally determined alom
rules and prior knowledge, (ii) the introduction of genepakpose
and domain specific preference criteria to enable the ditraof
ranked abductive hypotheses from the multitude of expianatand
(iii) the use of test data to validate the model and to calétae
rankings by associating a level of confidence with each Hgxs.

The computational challenge of generating and handlingelar
numbers of abductive explanations is considerable as dmaoissof
explanations are typically generated for a single patiarfact, such
computational considerations required us to develop a heluctive
engine, described in [16], simply to return these explametiin a
feasible time. But, the sheer number of explanations iktetigreat
to allow the efficient extraction of useful information. Fhnotivates
the introduction of minimality criteria to reduce the numlué re-
dundant explanations considered. Thus, we also describ#ieient
method of computing minimal abductive explanations by aixphg
the observed data incrementally according to the temperience
by which it is generated. To demonstrate the utility of oupra@ach,
this paper introduces the iS3 drug resistance system asaeten
instance of our general ALP methodology.

The paper is structured as follows. Section 2 introduce b #uoi-
ground material for HIV/AIDS and ALP. Sections 3 and 4 ddseri
the ALP model and iS3 approach. Section 5 evaluates the agipro
using the clinical histories and genotypic data from 10 lififécted
patients. We conclude with a discussion of related and éuteork.



2 Background
2.1 HIV resistance testing

Since its detection in the 1980’s, HIV has become a globalespic.
Although several anti-HIV drugs have been developed, theynat
very effective in isolation and so infected patients areallglgiven
combination therapies of 3 or 4 drugs to disrupt differeagst in
the viral life-cycle [15]. Unfortunately, treatment is cptitated by
the tendency of HIV to develop mutations that confer reaistato
these medications [8]. In essence, mutations are copynogsedris-

ing in the viral genome that result in amino acid substitugian the Z3:
protein sequences coded by those genes. Such changes uaa reft

the efficacy of certain drugs which target those proteins. tRis

reason,resistance testare used to help identify which mutations

a patient is carrying and predict which drugs they are mdstyi
resistant to. Such tests are of two types [#jenotypic assaymea-
sure the ability of laboratory-cultured clinical isolateghrive under
various concentrations of a particular drug; whijenotypic assays
employ genetic probing or sequencing technologies to ifyemiuta-
tions in the genomes of viruses from infected patients aad #pply
statistical or rule-based methods to predict levels of dagistance
(based on data from large clinical association studiesyvéder, re-
sistance tests suffer from three limitations [8]. Firsgyttare expen-
sive (250-750%) and require equipment to which many HI\éatéd
individuals do not have access. Second, they are inefeeétivpa-
tients with low blood viral loads< 500-900 copies/ml). Third, they
are insensitive to minority strains (comprisirg 10-20% of the vi-
ral population) that could lead to the failure of a salvagatment.
Consequently, when they are available, resistance tegifreexpert
interpretation that also takes into account prior clinisigtory, and,
when they are not available, it would be highly desirable @oeha
means of inferring likely mutations from clinical historyoae. To
this end, we propose the use of ALP, which is described below.

2.2 ALP Knowledge Representation

3 Model of HIV Drug Resistance

Our drug resistance model is automatically extracted fremogypic

interpretation rules maintained by the French national &iBsearch
agency (ANRS) [3]. These rules come from expert analysisugfd

clinical trials investigating which mutations are assteibwith resis-
tance to which drugs. We now briefly explain how these astoois
are represented in our model using the deigpvudineas an exam-
ple. The ANRS database contains four rules for this drug:

Z;: Mutation QL51M
Z>. I nsertion at codon 69.

Mut ati on T215Y/ F.
At least 3 nmutations in: MI1L, D67N, K70R,
L21IOW T215A/C/ DE/GH I/ LIN S/ V, K219Q E.

Z; states that mutatio@151Mcausezidovudineresistance. The
notationQL51Mrefers to a substitution at coddb1 in the virus
where the (wild type) amino acid glutamin®, is replaced by (the
mutant) methionineM In our model, we use atoms of the form
resi stant (P, T, D) to denote that patierR is resistant to drug
D at timeT, and atoms of the fornrut ati on( P, T, M to denote
that patienP is carrying mutatiorMat timeT. Thus we represent;Z
above by the clause Below. For brevity, we omit the wild types in
our formalism — as these are implied by the reference straand-
represenfQl51Mas151M Z, states thénsertionof an amino acid
at codon 69 is another indicator of resistance. This is nfedeh
clause Tusing ' " to denote an insertion. Zstates that eithe215Y
or 215F will cause resistance. Theaéternatemutations are repre-
sented by the term215YF" in Ts. Z4 states that resistance will result
if the respective mutations are present at any three of theaglons
listed. This is encoded in clause Tsing the predicatpr esent / 4
defined in clauses;sTTs and T to denote the presence in pati€hat
time T of at leastN mutations from the given list. For convenience,
the clauses below are all written in standard Prolog natatibere
variables begin with uppercase letters, the outer univVexsantifiers
are omitted and commas implicitly denote conjunctions.

Ty: resistant (P, T, zi dovudi ne) «

mutation(P, T,"151M").

resistant (P, T, zi dovudi ne) «
mutation(P, T,"69i").

resistant (P, T, zi dovudi ne) «
mutation(P, T,"215YF").

resistant (P, T, zi dovudi ne) «
present (P, T, 3,["41L", "67N',"70R",
"210W, " 215ACDEGHI LNSV', "219QE"]) .

present (P, T,N,[M Ms]) « present (P, T, N, Ms).
present (P, T,N[M Ms]) « mutation(P, T,M,
Kis N1, present (P, T,K M).

present (P, T, 0, Ms).

Abduction is a form of inference that reasons from effectsaoses. I2:
Given a goal or observations and a (logical) theoryf”, abduction
returns explanationa that logically entail the goal with respect to T
the theory. Each explanation is a set of ground atoms whasg- pr
icates are specified abducible Intuitively, the abduciblesd are Ta
predicates whose extents are incompletely specified byhibery,

but which may be subject to further integrity constraifngs.

For computational purposes we use the framework of Abdectivr:
Logic Programming (ALP) [12, 6]. Formally, an ALP theory is ar,:
triple (T, A, IC) whereT is a logic program (the theory) is a set
of predicates (the abducibles) ah@' is a set of logical formulae (the T
integrity constraints). A goal is a set of literals and aexplanation
of G with respect to(T, A, IC) is a setA of ground atoms with
predicates i such thatTUA =rp G andTUA =rp IC, where
=1 p is some standard entailment relation of logic programming (
this paper we assume tltable modesemantics).

Each abductive explanatiof is a hypothesis that together withV1:
the model described ifi" explains how an experimental observable
G could hold. The role of the integrity constrainf€”, which are
modularly stated in the theory, is to augment the basic mod&l T;:
with any partial information on the abducible predicatetodmpose
additional validity requirements on the hypotheges

The ANRS database also contains more complex rules, baitt fr
conjunctions of simpler expressions. An example is the Xléor
indinavir, which is represented in our model by the claus&dlow.

L90M and at least 2 nutations in: K2OMR, L24
1,V321,M361,154V/ILIMT, A71V/ T, GI/3S/ A, V771 .

resistant (P, T,indinavir) «
mutati on(P, T, "90M'), present (P, T, 2, [ "20MR", " 24
| ", n 32' ", n 36' ", n 54VLMI-II’ " 71VT", n 73SAII , n 77' II] ) X



For convenience, iS3 automatically downloads the ANRSsrule 4 Ana]ysis of Clinical Data

from the Stanford HIV Drug Resistance Database (HIVDB) [19]
where they are stored in a more convenient XML format calkes t
Algorithm Specification Interface (ASI) [2]. The XML is pad by
adocument object modebmpiler and processed bydafinite clause
grammarin order to extract a logical theory. In this way, we obtain
64 rules for 16 drugs. Currently, we only process rules wittie
database which have the highest confidence rating, as thessent
the surest indicators of resistance.

Where possible, alternate mutations [8@VLMT are modelled by
single terms as this reduces the number of essentially alguityex-
planations that need be computed. But, to ensure compsteités
necessary "break up” alternate mutations that partiallgriap with
other mutations for the same codon. For example, there aee th
mutations in the database for codon 54, namayLMTr, 54V and

Given a patient’s clinical history in the form of facts stagiwhich
combinations of drugs were effective or ineffective at gitames,
iS3 deploys an ALP procedure [16] to infer sets of mutatidmet t
explain these observations according to the model in theiqurs
section. The objective is to obtain a set of hypotheses septang
different ways of explaining the data which can then be aelyin
order derive useful predictions about drug resistance.

As illustrated above, ineffective treatments suggest deatain
mutations may have occurred, while effective ones suggestcer-
tain others did not — possibly leading to a violation of intggthat
results in the rejection of incorrect explanations. But, dotypical
patient — by which we mean one taking 3 different drugs at edich
10 different time points — the computation produces moreatimis

54AMV, which must be decomposed into the non-overlapping frag'(many thousands) than can be conveniently analysed.

ments54V, 54LT, 54Mand54A. For efficiency, alternate mutations
are only broken down into the largest possible fragments.

In order to facilitate the computation of minimal abductiex-
planations some additional equivalence-preserving foamations

are applied to the extracted rules such as combining thee thre

rules T-Ts into one single rule esi st ant (P, T, zi dovudi ne)

— present(P, T,1,["151M,"69i ", "215YF"]). As de-
scribed in the next section, this rewriting is useful beeatle han-
dling of the predicat@r esent / 4 can be optimised in such a way
that reduces the number of non-minimal explanations retliby the
abductive proof procedure.

The post-processed theory can be used in two diﬁerenbuslyestablishedut ation(P, T, " 215YF"

ways. It can either be usedeductivelyto perform standard
genotypic test interpretation by asserting known mutatidike
nmut ati on( p056, 2, "215YF") and deriving implied resistances
like r esi st ant (p056, 2, zi dovudi ne) . More importantly, it
can be usedbductively for what we callin-silico sequencing, by
explaining observed resistances in terms of possible mo&tFor
example, declaringrut at i on/ 3 as the only abducible predicate,
there are 23 possible explanations for zidovudine resistan

This model can now be used to explain the observed ineftectiv
ness (resp. effectiveness) of a prescribetbf drugs by hypothesis-
ing the presence (resp. absence) of mutations that impistaese
(resp. non-resistance) to at least one drug in that set. >@&ongle,
there are 73 explanations for the ineffectiveness of thebioation
therapy consisting of the three drugsdovudi ne, | am vudi ne

andi ndi navi r. Conversely, the effectiveness of a therapy can be

explained by the absence of any mutations that would im@isre
tance to those drugs.

To capture the dynamics of drug resistance, we need an itytegr
constraint to enforce a key biological assumption in thisrkvo
namely, the persistence of mutations. This assumption is/ated
by research showing that drug resistant strains of HIV casigte
at undetectable levels for long periods (close to the lifpeexancy
of a patient) only to re-emerge when more favourable drugges-
scribed. This constraint, formalised inlbelow, states that if a patient
P carries a mutatioMat timeT1, then he or she will carry that mu-
tation at all later time§2.

I,: false «— mutation(P, T1, M, T2>T1,
not mutation(P, T2, M.

In summary, our ALP model consists of the rules extractechfro
the ANRS database, the integrity constraint above and ttecitle
predicatenut at i on/ 3. In the next section, we explain how this
model is used in iS3 to reason with real patient clinical data

For this reason, it is necessary to use additional prefereriteria
to reduce the search space. Assuming that patients adhéneito
medications and are regularly monitored to ensure earlgatien of
treatment failure, it is plausible [8] that mutations aecrelatively
slowly. We can model this through the notion mfnimality [12] —
which means we only accept explanations from which no smalle
explanations can be obtained by removing atoms.

To enforce the minimality of explanations, we optimised Aid>
procedure’s handling opr esent/ 4 so that, for example, given
the subgoapresent (P, T, 1, ["151M', "69i ", "215YF"])
it does not consider the first two redundant choices if it havip
) . We also explicitly
remove any non-minimal explanations from the solution b¢dined
after processing each time point. In this way, the numbexpfana-
tions for the typical patient is cut down to a few hundred.

From this set of explanations explaining a patient’s chhfdstory
by the mutations they may or may not be carrying, our task is to
analyse these explanations in order to predict for whictgsirine
patient may be resistant. As a first step, we propose (i) tk each
mutation in the list according to the number and size of exqi@ns
it appears in and (i) to rank each drug in our model accordine
number of explanations that imply its resistance.

For task (i), we compute a score for each mutation such ttddt ea
explanation in which mutation appears contributes a fixddevthat
decreases with the size of the explanation. (We view thisesas
simple scalar quantity whose only purpose is to allow thekiran
of hypotheses.) The clinical history of a typical patierdguks in a
ranking that contains 30 mutations (out of a possible 60 factvwe
have rules — or rather 100 if compound mutations are brokgmiip
scores ranging from 0 to 500, where higher scores indicateater
likelihood the mutation is present. For example, the topreeked
mutations for patienp056 are as follows215YF (270),69i (270),
151M(270),82S(256),84AV (256),82T (256),82AF (256),461 L
(256),90M(192),82M(179), etc.

For task (ii), we consider each drug in turn and then count the
number of explanations which imply resistance to that druge$-
sentially using the model in a deductive fashion to perfotans
dard genotypic interpretation on each hypothised set oftiarts.
Once again the resulting scores typically range from O to, 50t
higher scores denoting a greater likelihood of resistarcehat
drug. For example, the top ten ranked drugs for pat@Ed%6 are
as follows:ef avi r enz (252),st avudi ne (240),zi dovudi ne
(230),nevi r api ne (224),i ndi navi r (81),l ani vudi ne (58),
entricitabine (58), saqui navir (55), ritonavir (53),
nel fi navir (49), etc.



5 Calibration and Evaluation

So far we have described a system that, given a patientiealinis-
tory, produces a ranked list of the mutations the patienthinige
harbouring and the drugs to which they may be resistant. New w
would like to establish some measure of confidence in thade li
and identify clinically relevant cut-offs. To do this, weyp the sys-
tem to data from 10 HIV-infected patients who, over a periéd o
two years, underwent regular medical examinations, reutitood
tests, and were genotyped orfcBome statistics for these patients
are shown in the table below. On average, there are six tirimegior
each patient (abstracted in simple way from his treatmeohy), of
which roughly 2 are treatment failures. For reference, timalpers of
minimal explanations and ranked mutations are also shown.

clinical cut-off in the sense that the top 2/3 of the rankedatians
appear to contain most of the useful information.

80 80
60 Lo . 60
44 o 44
2Q e 20

0 0
0 20 40 60 80 100 0
(a) Actual Rankings

Figure 1.

20 40 60 80 100
(b) Adjusted Rankings

% of genotyped mutations (y) vs. % of top ranked mutations (x)

We would now like to establish whether this 2/3 cut-off alge a

patient fime treatmt. minimal ranked
ID points failures explns. mutations
p027 9 3 1283 29
p032 5 2 51 32
p056 7 3 333 40
p085 6 3 138 26
p089 9 3 1628 26
plol 7 2 191 32
pl13 6 2 1938 38
pli4d 5 1 73 28
pl66 4 1 73 28
pl84 6 2 72 27

The only way of assessing whether the mutations predictetdy
system are biologically correct is to compare the prediotetations
with the result of the genotype. But this is problematic gitleat our
system is an attempt to overcome the fact genotyping caewvett
all of the mutations carried by a patient. Thus, while we ptteat
any mutations detected by the genotype are carried by tienpave
expect that our system will return mutations that are noéctetd by
the genotype but are carried by the patient nonetheless.

genotype (on the y-axis) that are contained in the corredipgrper-
centage of top-ranked mutations (on the x-axis). This gistws
that the observed mutations are distributed evenly thrahgtrank-

mance, it is necessary to compensate for selectivenes afetto-

at the time of genotype reduce non-resistant strains totantible
levels, while providing the conditions for resistant stisato thrive.

We therefore expect that mutations which are resistant éseth
drugs will be detected by the genotype with more certairayttnose
which are not. To account for this, we use our resistancesrtde
find those mutations that confer no resistance to any of thgsdr
being taken at the time of the genotype, and we place thesationg
further down the ranking while preserving their relativeler.

Figure 1 (b) shows the corresponding plot for the adjusted-ra
ing. We see that observed mutations are now ranked much rhighe
with the majority contained in the top two thirds. While taés in-
sufficient data to draw any significant conclusipthis increases our
confidence the system is working correctly, and it suggestsedul

3 Unfortunately, clinical data from 10 additional patientasiconsidered too
unreliable by an HIV specialist to include in this study.

4 The graph only rises to 80% as some genotyped mutations aramiced.
These could be given a default score of 0, but this servesal@uepose.

5 The genotype only returns results for 33 of 97 mutations inrales, so
that the presence or absence of most ranked mutations i®wnkn

plies to the drug resistances predicted by the system. $higuably
more important since it represents the actual mode of dperébr
which the system is intended. To do this using the data dleil@
us, we adopted a "leave-one-out” strategy, whereby thesystas
run on the clinical history of each patient up bat not including
the last time point with a known (effective or ineffectiva)toome at
which a new set of drugs was prescribed. We compared thewaaser
effectiveness of the drugs at the next time point with thedjoted
effectiveness returned by the system.

The results are shown in the table below. For each patieat]6h
drugs are each denoted by one of the symholsr '+’ or ’ *’ which
are distributed in order of decreasing predicted resigtdram left
to right. A plus denotes a drug contained in the treatmenteat n
time point. Because the prescribed treatments were alldfdarbe
effective at the following time point, we would like for thgstem to
give these drugs a low resistance. As shown in the table, wheeg
mostly predicted medium or low resistance, indicating ddvehan
Figure 1 (a) plots the percentage of mutations detected &y thayerage performance. A star denotes a drug for which resistean
be inferred using the rules of the system and the mutatioriteen
genotype. We would like the system to rank these highly. Aswsh
e : : below, this is generally the case, once again suggestingter liean
|ng. In Order to Obtaln amore Useful estimate Of the System,mrf average performance_ A“ other drugs are denoted by a dot
Interestingly, half of the patients were prescribed oneydsith
type — which is due to the fact that the drugs taken by the piatie nigh predicted resistance. But, in all cases, the other dwgre
ranked much lower — which is consistent with the overall sssc
of the treatment. The system performed very well pdi66, where
resistance to the two top-ranked drugs was independenpiyosted
by the genotypic evidence, and two of the drugs found to kectiie
at the next time point received a low or medium prediction.

Patient Predicted Drug Resistance
ID high | medium | low
p027 | ..... R .+
p032 R +oxL L+
po056 | ..... .+ +o.0+
p085 +. .+ Lt
p089 +. . L co
pl01 .+ +.+ oo
pl13 | ..... ot S
pli4 | ..... +. +. Lo
pl66 *k L+, Lot .+
pl84 Lo+ oo L

+ drugs used in effective

* drugs inferred to be ineffective from genotype data




6 Discussion and Related Work

Previous work on HIV resistance is aimed at predicting dregjs-
tance from the results of genotypic or phenotypic testsgoeréd on
clinical isolates from infected patients [1]. Our work dgast the op-
posite, by explaining previously observed resistancenmseof un-
derlying mutations and using these explanations to premissible
drug resistance. Our model of HIV drug resistance is deriverh
the ANRS genotypic interpretation algorithm [3]. Othereddased
interpretation algorithms could have been used insteaxdh, asithose
compared in [23] or those available from the Stanford HIVDBbw

site [19], but ANRS was selected because it was more ametable

the extraction of logical rules.

Previous applications of abduction, such as natural lageuen-
derstanding [9], planning [20, 11], perception [21] andgtiasis
[4, 17, 7], take the approach of inference to the "best exgilan”
[10] by using domain specific constraints to identify one arren
optimal hypotheses. The (often implicit) assumption irsthappli-
cations is that we have sufficient information to discrinénaetween
alternative explanations. Some applications such as [8]%] even
combine abduction and constraint solving in order to soheeim-
plicit optimisation problems underlying these domains. avhhis
assumption does not hold it is suggested that we carry out "cr
cial experiments” [18] to obtain further information thabuld help
home-in on the optimal hypotheses.

Our work offers an alternative approach to real-life apgiens in
which the underlying model does not (and cannot) provideugho
information to reliably discriminate between competinghtheses.
In these cases, we suggest the emphasis should be placetiamt-ex
ing useful information from the multitude of explanationsdehelp-
ing the user to make informed decisions. This view is paldidy
relevant in applications of abduction to scientific theooynfiation,
such as [24, 14, 22], where the task is to improve a necegsaril
complete model of the problem domain.

7 Conclusionsand Future Work

This paper introduced a novel Al approach for abductiveferiring
mutations carried by HIV-infected patients and predictikgly drug
resistance from clinical data. The proposed approach isnarete
instance of a new ALP methodology for addressing the issueubf
tiple explanations through a process of ranking abductymtheses
extracted from the multitude of explanations and empilycahli-
brating the system to obtain a measure of confidence in itdtses
Our in-silico sequencing system, iS3, is a practical im@atation
with the potential to assist clinicians in the selectionmtf-getroviral
drugs — especially in cases where laboratory resistants des not
available. The system automatically keeps itself updaiéutive lat-
est drug resistance data provided by a leading HIV researdir b
We are currently preparing the system for a trial deploynieatn
HIV/AIDS clinic where we hope to assess the clinical utilitithe
system and carry out further tests on another cohort of HIiViexs
from a different geographical areas. We are also investiggtossi-
ble improvements to the system by (i) extending the domaideho
with additional information about commarathwaysby which some
viral mutations are known to occur, by (ii) incorporatingarma-
tion aboutantagonistic mutationthat partially reverse the resistance
effects of some other mutations, and by (iii) exploitingtistical in-
formation associated with the drug resistance rules usegtimodel.

We are also keen to examine how our general ALP approach for ha (24]

dling multiple explanations can be applied to other apfilice.
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