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I. INTRODUCCIO

A continuacio de la seqiienciacio del genoma huma han seguit la de varis
organismes model com Drosophila (Adams et al., 2000), ratoli (Waterston et al.,
2002), etc. que han tingut com a conseqiiencia 1’obtencié d’una gran quantitat de
dades, entre elles, els SNPs, tant d’humans com d’altres espécies. L’innegable
impacte que aquesta informacid pot tenir sobre els estudis de biomedicina ha
constituit un afegit pel desenvolupament d’eines d’anotacié d’aquesta
variabilitat.

D’entre els organismes model seqiienciats destaca el ratoli que s’ha usat durant
molt de temps com a model en I’estudi de les malalties humanes generant-se
durant tot aquest temps moltes dades d’origen bioquimic 1 genétic. Per tant la
seqiienciacio del genoma del ratoli i I’estudi de la seva variabilitat ha esdevingut
un eina d’interes en I’estudi de les malalties humanes. Aquest interés s’ha vist
incrementat per la similaritat entre els genomes de les dues espécies: la identitat
de seqiiencia entre proteines homologues de ratoli i huma esta entre un 80% i
100% (Waterston et al., 2002), el que implica un grau de conservaci6 funcional i
estructural molt important (Russell & Barton, 1994). En aquest context, I’estudi
de la variabilitat en ratoli pot ajudar a esclarir la relacié de la variabilitat del
genoma huma i la malaltia (Rossant & McKerlie, 2001). Aquesta possibilitat ha
donat lloc al desenvolupament d’estudis a gran escala de mutageénesi sobre ratoli
per tal d’identificar gens relacionats amb patologies (Hrabe de Angelis et al.,
2000; Nolan et al., 2000) amb la idea de transferir la informaci6 obtinguda a les
patologies humanes. Aquests model de treball també és aplicable a altres animals
models com la rata (Gibbs et al., 2004) o la mosca del vinagre (Adams et al.,
2000; Celniker et al., 2002). En aquest context han pres un valor especial les
eines bioinformatiques per la caracteritzacidé de les mutacions, degut al seu

creixent precisio 1 al seu cost, practicament nul.
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Actualment s’han desenvolupat diferents aproximacions per 1’anotacid de
variacions puntuals (Chasman & Adams, 2001; Conde et al., 2004; Ferrer-Costa
et al., 2004; Ng & Henikoff, 2001; Santibafiez-Koref et al., 2003; Sunyaev et al.,
2001; Wang & Moult, 2001). Algunes incideixen en mapar sobre la seqiiéncia de
DNA determinant especialment quin tipus de regions son. Altres es centren en
SNPs que afecten regions codificants on intenten predir I’efecte de les mutacions
en la funcio, relacionant-lo amb 1’efecte patologic.

Tanmateix la transferéncia dels metodes, esmentats en capitols anteriors, a altres
especies no ¢€s simple. Alguns treballs mostren que 1’as de dades provinents
d’altres espécies, o amb molt poques proteines, poden donar resultats esbiaixats
(Ferrer-Costa et al., 2004) que redueixen el rang d’aplicacid d’aquests metodes.
Un altre factor que dificulta la transferibilitat és la divergencia de les seqiiencies
en I’especiacio, aixi aquesta divergeéncia pot acollir mutacions sense problemes
en una especia mentre que en altres son patologiques (Gibbs et al., 2004; Huang
et al., 2004; Kondrashov et al., 2002; Waterston et al., 2002). Aquest fenomen es
pot explicar per 1’aparici6 de mutacions compensatories, fent que els metodes de
prediccid puguin fallar.

En aquest treball s’estudia I’aplicabilitat a altres espécies d’un metode d’anotacid
de DAMUSs basat en mutacions humanes. S’estudia el grau de similaritat entre
seqiiencies ortologues requerit per ’aplicacié del metode sense la perdua de
capacitat predictiva. Addicionalment, i dins d’aquest context, es comparen
mutacions humanes 1 no humanes en relacid a les propietats usades per puntuar-

les en diferents metodes de prediccio.

II. MATERIALS I METODES

Per veure quan mutacions no humanes poden ser anotades usant eines entrenades
amb mutacions humanes es va usar el meétode de prediccié (Ferrer-Costa et al.,

2004) desenvolupat al nostre laboratori 1 explicat en capitols anteriors. Es
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resumeix a continuacidé les principals caracteristiques del métode predictiu,
tanmateix es troba més informacié en dos capitols anteriors el tercer (Ferrer-

Costa et al., 2002) 1 el quart (Ferrer-Costa et al., 2004).

Descriptors de les mutacions

Els parametres usats en aquest treball es van obtenir sempre usant només
informacid de seqiliencia 1 es poden classificar en tres grans categories: 1)
descriptors relacionats amb 1’estructura, ii) propietats de residu/seqiliéncia, 1 iii)
propietats evolutives.

Tots ells han estat descrits amb deteniment en els capitols 3 1 4.

Els grups de dades de mutacions

Seguint treballs anteriors (Ferrer-Costa et al., 2002; Ferrer-Costa et al., 2004;
Goodstadt & Ponting, 2001; Ng & Henikoff, 2001; Sunyaev et al., 2001), les
mutacions patologiques (DAMUs) es van obtenir de la base de dades SwissProt
(Apweiler et al., 2004). Es va usar la versido 40 i es van obtenir les mutacions
preguntant a la base de dades per les paraules claus: DISEASE, VARIANT i
HUMAN/MOUSE. En etapes posteriors de filtracid, les mutacions que no tenien
un vincle clar amb malaltia es van rebutjar, també es van eliminar aquelles
mutacions per les quals no hi havia alineament en la base de dades Pfam
(Bateman et al., 2002). Aquest procediment va rendir 9334 mutacions
patologiques sobre 811 proteines humanes. La quantitat de dades per ratoli €s
menor, amb 75 mutacions patologiques mapades en 54 proteines. Aquest
procediment es va repetir generant un grup de DAMUSs no humanes, en les quals
es va afegir a les mutacions de ratoli nou espécies més: vaca, gos, cavall, porc,
rata, conill, xai, visé 1 guilla. El nombre total de mutacions per aquest segon grup

de dades es de 105 DAMUSs sobre 79 proteines.
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Per tal d’explorar fins a quin punt el grup de dades derivat de proteines de ratoli
era representatiu de I’espai funcional cobert per les proteines conegudes de ratoli,
es van comparar la llista de proteines de ratoli amb totes les proteines de ratoli
presents a SwissProt ( fins un total de 8337 proteines). Amb aquesta idea, es van
anotar les dues llistes de proteines amb termes de GO (Gene Ontology Database)
(Harris et al., 2004) usant el programari FatiGO (Al-Shahrour et al., 2004), que
també déna comparacié estadistica entre les dues llistes tenint en compte el
problema de tempteig multiple. Fent la comparaci6é usant el terme Biological
Process en nivell dos, es pot veure que malgrat les diferéncies de mida dels grups
comparats, el grup de proteines de ratoli que contenen mutacions patologiques
reprodueix de manera raonable les principals caracteristiques del grup amb totes
les proteines de ratoli. La mateixa comparativa es va fer pel nivell tres de GO per
tal d’obtenir una classificacid més precisa. Els resultats son similars malgrat que
com ¢és obvi el mapatge del grup de proteines amb mutacions patologiques sobre
els termes GO €s més dispers.

Per les mutacions neutres (NVEMUs) es va seguir el model evolutiu estandard
(Ferrer-Costa et al., 2002; Ferrer-Costa et al., 2004; Santibafiez-Koref et al.,
2003; Sunyaev et al., 2001), que defineix una mutacidé com a neutre quan apareix
en organismes molt propers evolutivament. Es van obtenir les NEMUs humanes i
de manera analoga les de ratoli, de la seglient manera. Es van prendre els
alineament multiples Pfam (Bateman et al., 2002) per la proteina humana i es van
eliminar: 1) totes les altres seqliencies humanes; (ii) totes les seqiiencies no
humanes amb una identitat de seqii¢éncia inferior del 95% a la proteina estudiada.
Qualsevol canvi aminoacidic entre la seqiiencia humana i les altres seqiiencies es
va considerar com a mutacio neutra (NVEMU). El mateix procediment es va
aplicar a ratoli i les altres especies. Al final es van eliminar les mutacions neutres
que eren comunes als dos grups de NEMUs. Al final vam obtenir 11374
mutacions neutres humanes, 373 mutacions neutres de ratoli 1 888 NEMUs pel

grup de proteines no-humanes.
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Les xarxes neurals

Basat en treballs anteriors mostrats en els capitols anteriors (Ferrer-Costa et al.,
2004) es van usar una xarxa neural del tipus feed-forward (NN) (Rumelhart et al.,
1986) amb una capa d’entrada, una capa de sortida 1 una capa oculta amb dues
unitats. Aquest model ens permet mantenir la relacid entre les mutacions
d’entrenament 1 els pesos de la xarxa entre 5 1 10 per evitar sobreentrenament
quan es fan servir conjunts de dades petits (Mehrotra et al., 1997).

Dos grups de parametres es van usar com a entrada, un incloia els 15 parametres
descrits anteriorment, el segon incloia només dos variables: PSSM 1 les mesures
d’energia lliure de transferéncia entre aigua i octanol (Fauchere & Pliska, 1983).
Aquests dos parametres son relativament independents i han mostrat un poder
discriminatori significant (Ferrer-Costa et al., 2004) 1 un rendiment Optim quan es
compara amb altres combinacions de dos parametres. En alguns casos, i com a
referéncia, es van usar tres parametres com a entrada, PSSM (eq. 4), MMS (eq.
3) 1 valors de PAM40 que mostren un gran poder informatiu quan s’usen junts.
Els pesos de la xarxa es van optimitzar usant gradients conjugats escalats en 500
iteracions. El programari de les xarxes neurals usat es FFNN, amablement cedit
pel Dr. Adrian Shepherd de la University College of London.

Per una mutacio donada, la sortida de la xarxa és un nimero compres entre 01 1.
La mutacié es predita com a patologica per valors per sobre 0.5 i neutres per

valors per sota.
Mesures de rendiment

Les mesures del rendiment del procediment de prediccid es va mesurar usant 4

indexs diferents. Tots ells detalladament descrits en el capitol 4.
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ABSTRACT

Single-point mutations are one of the most frequent causes of genetic variability
in both human and close species. The recent availability of different bioinformatics
tools for annotating human SNPs has opened the possibility of using them to score
SNPs from species with a biomedical interest, in particular from mouse and other
models of human disease. Also, this ability to predict pathogenicity of single point
mutations in one species, based on data from another species, opens the possibility to
predict the pathological character of single point mutations in human using data from
well characterised model systems of human disease. This could provide a valuable
alternative to the more traditional genetic population approaches. However, transferral
of prediction tools may be limited by different factors, from a species biass in the
training set, to a large sequence divergence between the proteomes of the training and
the target species.

Here we study the conditions under which prediction tools can be transferred
among species, concentrating in the case of mouse. We find that for the majority of the
human-mouse homolog pairs the sequence similarity is large enough to preserve the
pathological character of mutations among species, in general. We then establish that
prediction/annotation tools developed for one organism can be used to predict the

neutral/pathological character of mutations/SNPs in the other organism.
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INTRODUCTION

Single nucleotide polymorphisms (SNP) constitute the main source of genetic
variation in humans '. While many of them do not have an impact in the organism’s
health, others can lead to disease, either when alone (monogenic diseases) or in
combination with mutations in other genes (polygenic diseases) . The sequencing of
the human genome >, together with the existence of different genotyping projects >°
have generated a massive amount of experimental data on human SNPs, thus increasing
the need for annotation tools. Unfortunately, experimental characterization of SNPs as
neutral or pathological is much more difficult than finding them, even in cases of
monogenic diseases *°. This is becoming a serious problem as the gap between amount

of information and its applicability for the study of human disease grows °.

In these circumstances, the sequencing of the mouse genome and the study of its
variability has become an important advance °. Mice have constituted valuable tools for
the study of human disease for many years 1 and a large amount of biochemical,
genetic and disease-related information is already available for them. In addition, and
apart from its obvious technical advantages, the use of murine models is also supported

" For example, at the

by the close similarity between the genomes of both species
protein level, sequence identity between human sequences and their mouse orthologues
mainly varies between 80 % and 100 % (Figure 1). This degree of similarity implies a
high degree of structural and functional conservation for the involved proteins 2.

Within this context, the study of their sequence variability and its relation to disease
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may help to bridge the gap between human genome information and human disease °.
This interest has also triggered the development of large-scale ENU mutagenesis studies
14" Where a large number of mutant mice can be generated. These mice are then
subject to extensive phenotypic screens, to try to identify diseased subjects and relate
their pathology to the individual mutation. This information could subsequently be

utilised to infer the effect of these mutations in human, provided that quantitative

techniques exist to transfer mutation information between species.

In addition to mouse, genome information is also available for other animal

1617 Tn the case of rat, an also valuable model of human

models, like rat * or fruitfly
disease, the annotation of sequence variability may bring large benefits in the
identification of disease-associated, or disease-causing, variants. Within this context it is
worth mentioning the pioneering work by Cuppen and coworkers who have utilised two

9

bioinformatics tools '*, Polyphen '* and SIFT * developed for the prediction of human

DAMU, as an alternative to experimental annotation of SNPs.

At present, there are several bioinformatics approaches for the annotation of
human DAMUs "*%% In some cases, they provide a mapping of mutations/SNPs
along the DNA, together with the functional type of the affected region, e.g. regulatory,
coding, etc *. Other strategies focus in non-synonymous mutations happening in protein
coding regions, thus working with a necessarily small number of cases, but providing
the user with a more precise information on their pathological character "*2%""*2* The

latter methods are based on the use of different tools, like neural networks, trained in

datasets of both neutral and disease-associated mutations, and able to identify the
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possible pathological character of a target mutation/SNP utilising a series of sequence
or structure-derived properties. Although the success rate of these methods vary, it is
usually above 70 %, e.g. the approach developed in our group * reaches 84% cross-
validated success rate with human DAMUs, using only sequence-derived information,
with a 66.5 % improvement over random predictions. Overall, these programs constitute
a simple and cheap approach to the prediction of DAMUS, and they are being used for
this purpose by different authors 2**’.

However, transferring these prediction methods and their results from human to
other species, or vice versa, is not straightforward. First, most have been trained
utilising data on human DAMUEs, or a very small number of proteins, which may bias
the resulting parameters and lead to a poorer performance when applied to other
species. This problem has been discussed by Westhead and coworkers 2 for the
annotation of DAMUs using artificial intelligence tools; and also by de la Cruz and
Calvo ¥, within the context of the prediction of protein stability changes associated to
single-point mutations. The problem may become worse if we focus in specific systems
of biomedical interest, like p5S3 or hemoglobin. In this case, the large number of disease-
associated mutations and the relevance of the system justify the development of specific

25,30
tools™”

. However, the improvement in prediction performance comes at the expense of
biasing the method towards the properties of the protein studied, including a species
biass. For example, if we derive our method using p53 data® and use it to score

hemoglobin mutations, we find a 12 % decrease in the performance, relative to the

cross-validated performance of the same method when trained on hemoglobin

163



Analisi bioinformatica de les mutacions puntuals patologiques. Carles Ferrer-Costa

mutations™. These data highlight the existence of training biasses that may limit the
transferral of prediction methods either between systems or among species.

A second factor that can limit the transferability of prediction tools among
species is the fact that sequence divergence may lead to the appearance as wild-type
residues in one species of amino acids that would be pathological in other species, at an
equivalent sequence position °'. This possibility was mentioned in an earlier article by
Pauling and Zuckerkand] ** who describe the presence in the orang-utan haemoglobin of
an amino acid that is associated to the Norfolk syndrome when present in the human
haemoglobin. Recently, the sequencing of the mouse and rat genomes has revealed
more cases where this situation happens '"'*****. For example, the Val(198)>Met in
cryopyrin is associated to the familial cold autoinflammatory syndrome in humans,
while Met is found at an equivalent position in both mouse and rat wild-type sequences
¥ More general studies indicate that this may be a relatively common situation *> and
that mutations that are pathological in one species might not be in others. This
behaviour is probably due to the presence of compensatory mutations in the protein >,
At a practical level, this effect may eventually result in the failure of prediction

methods, e.g. neutral alleles scored as pathological and vice versa, in particular when

the target protein has diverged substantially from other family members.

In this article we study the applicability to other species, in particular to model
animals like mouse, of human-based methods for the annotation/prediction of DAMUSs.
We first study under which conditions this can be done, that is, at which point sequence
divergence may affect the power of prediction methods. Subsequently, we compare

human and non-human mutations in relation to the properties normally utilised to score
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them by the different prediction methods. Then, using our own neural network-based
method *° we quantify how well we can identify non-human DAMUs. Our results
indicate that a minimum sequence identity of 70 % - 80 % guarantees a transferral of
the prediction tools among species with no significant changes in their prediction
performance. This is confirmed by the fact that the interspecies prediction works
reasonably well, with an overall success rate around 85 %, and an improvement over
random between 45 (set of diverse non-human mutations) to 50 % (set of only mouse
mutations). Interestingly, the reverse is also true, and non-human trained networks
predict remarkably well human DAMUSs. This finding opens the possibility to use
animal models, where rare mutations can be engineered, to predict the impact of single

point mutations in human health.

METHODS

To see whether non-human mutations can be annotated using human-trained
tools, we have utilised our own prediction method 25, that shares some characteristics
with well known methods like Polyphen " and SIFT *, but with a higher cross-
validated average performance®. Next, we summarize the main characteristics of our
predictive model, an explanation that can also be found elsewhere with slightly more

detail "%,

165



Analisi bioinformatica de les mutacions puntuals patologiques. Carles Ferrer-Costa

MUTATION DESCRIPTORS

The parameters utilised in this paper were always obtained using only sequence
information and can be classified in three main categories: i) structure-related
descriptors, ii) residue/sequence properties, and iii) properties derived from multiple

sequence alignments.

Structural-related descriptors. Predictions of the secondary structure and
solvent accessibility at the mutation site, were obtained from the protein sequence using

the PHD software package *° (www.embl-heidelberg.de/predictprotein) with default

parameters. The three secondary structure states, helix, beta and coil, were encoded as
0, 1 and 2, respectively. It has to be mentioned that encoding secondary structure using
three-element vectors, e.g. helix (1, 0, 0), beta (0, 1, 0) and coil (0, 0, 1), constitutes a
better practice. However, we discarded this option because of the need to keep a low
number of parameters, and because our previous data showed that the discriminant
power of secondary structure is very low .

The three accessibility states, buried, half-buried and exposed, were encoded as

0, 1 and 2, respectively.

Residue/Sequence properties. The physico-chemical changes induced by the
mutation are measured using three types of parameters that correspond to the following
properties: 1) hydrophobicity, ii) secondary structure propensity, and iii) volume.
Changes in hydrophobicity were described utilising two scales: water/octanol free

energy measurements ~, and statistical potentials **. Two scales were utilised for
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. 39.40 . . .
secondary structure propensities > . Size changes were described using van der Waals

41 : ; 42
volumes * and volume of buried residues .

Blosum62 * and PAM40 * mutation matrices were also used to label mutations,
as they include different contributions that may be related to the damage caused by a
mutation. It has to be mentioned that utilising the raw Blosum62 matrix may affect the
estimates of variability. However, the impact of this effect in the method’s performance

is implicitly taken into account in the testing procedure followed.

We also utilised a simple sequence potential, Ptseq(rj) (see eq. 1), related to the

probability of observing residue 1; at position j, in a given sequence environment:

Ptseq(r;) = In {H n(r;, 1, )/m(r g, )} (1)

where n(r;,rj+i) 1s the number of pairs of amino acids of types r; and rj4; at a
sequence distance 1. n(tj+) is the total number of residues of type rj+;. These numbers are

computed using the whole set of human sequences from the SwissProt database *°.
Properties derived from multiple sequence alignments. We utilised two

measures of the amino acid variability, and two position-specific scores, all derived

from Pfam *® multiple sequence alignments.
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Variability at the mutation site was determined using Shannon entropy *’ (see eq.

2) and an average of mutation matrix scores °° (see eq. 3).

ShS =3 F;In, P, )

where Pj; is determined as the frequency of amino acid 1 at position j. The sum

runs over the 20 amino acids defining the mutation space.

/ S (3)

where s, is the element of the raw Blosum62 matrix ** corresponding to the
comparison between residues in sequences k and z in the multiple sequence alignment,
at the position of the mutation under study. Spax is the larger sy, and N is the number of

sequences in the alignment.

Two types of position-specific scoring parameters, based on modified versions

of the log-odds ratio *>**

were used (eqs 4 and 5). Both indexes emphasize the
importance of multiple alignment information when it includes a large number, N, of

sequences, and converge to Blosum matrices otherwise.

No | 1
I+ No 108Pn/Pm) + 77y o B6wm )
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where N is the number of sequences in the multiple sequence alignment, G is
taken as 0.02 **, w and m stand for the normal and mutant amino acid, respectively.
B62ym is the element of the Blosum62 matrix ** corresponding to the mutation from the

wild-type residue (w) to the mutant residue (m).

1+ N L108(Pni/Pm) - 10g(Pui/pw) |+ 77— BO62wm (5)

No

where m, w, N, G, pmj, pm and B62,, have the same meaning as before. py; is the
relative frequency of the original amino acid type w at position j in the multiple
sequence alignment. p,, is the frequency of the same amino acid type in human

sequences in SwissProt *°.
THE MUTATIONS DATA SETS

Following previous work, both from our laboratory and from other groups
7,8,20,25,49 . . 45 1 . .

DAMUs were obtained from Swissprot . We utilised version 40 and obtained

our set of DAMUs querying SwissProt with the keywords: DISEASE, VARIANT, and

HUMAN/MOUSE. In a subsequent filtering step, mutations with no clear links to

disease were rejected (after looking at relevant references), as well as those for which

only the human and/or mouse sequence were present in the Pfam ** alignment for the

protein family. This procedure gave 9334 pathological mutations in 811 human
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proteins. The amount of data for mouse is smaller, with 75 pathological mutations
mapping to 54 proteins. This procedure was repeated generating a set of non-human
DAMUEs, in which together with the mouse mutations we also included mutations from
nine other species: cattle, dog, horse, mink, opossum, pig, rat, rabbit and sheep. The

total number of mutations for this second set was of 105, mapping to 79 proteins.

To explore to which point the dataset of mouse proteins was representative of
the functional space covered by known mouse proteins, we compared our list of mouse
proteins with the whole set of mouse proteins in SwissProt (a total of 8337 proteins). To
this end, we annotated both protein lists with GO terms 50, using the FatiGo software 51,
that also provides a statistical comparison between the two lists, taking into account the
multiple testing problem. The results for the GO “Biological Process” terms, at level 2,
are shown in Figure 2, where one can see that in spite of the size differences, our set of
mouse proteins reproduces reasonably well the main features of the whole mouse set.
No statistically significant differences were found for any of the GO terms (data not
shown). This test was also done for a finer classification level -GO level 3- with similar
results, although in this case the mapping of our mouse set among the GO terms was

obviously more sparse (results available upon request).

For neutral mutations (NEMUs) we followed a standard model "****°, which
defines a mutation as neutral when it appears in closely related organisms. In order to
obtain the human NEMUs (the procedure for mouse was completely analogous) we
took the Pfam * alignment for the human protein family, and eliminated: (i) all the

human sequences; (ii) all non-human sequences with less than 95 % identity to the
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target sequence. Any amino acid change between the target human sequence and the
remaining sequences was then considered a human NEMU. As mentioned before, the
same procedure was followed for the mouse NEMUs and the other non-human
mutations. Finally, we discarded those mutations common to both sets of neutral
mutations. This procedure yielded 11374 human NEMUs, and 373 mouse NEMUs, and
888 NEMUs for the non-human dataset. All the mutation data are available on demand
from the authors.

THE NEURAL NETWORK

Based on our previous studies > we have used, unless otherwise stated, a feed-
forward neural network (NN) ** with one input layer, one output layer and a hidden
layer with two units. This model allowed us to keep the ratio between number of
training mutations and neural network weights between 5 and 10, to avoid overfitting

when training the mouse-based NN .

Two sets of parameters were used as input, one including all the 15 parameters
described in the Methods section, and the second, including only two parameters: PSSM
and water/octanol free energy measurements ° (see above). These two parameters are
relatively independent, and have been shown to provide a significant discriminatory
power » and an optimal performance when tested against other combinations of two
parameters. The network weights were optimised using scaled conjugate gradients with
500 iterations. The neural network package was FFNN, kindly lent by Dr. Adrian

Shepherd, at the Birkbeck College London.
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For a given mutation, the network output is a number comprised between 0 and
1. The mutation is predicted as pathological for values above 0.5, and neutral for values

below.

PERFORMANCE MEASURES

The performance of our prediction method was measured utilising four different
indexes. First, the percentage of correct predictions (Qior; €q. 6), that provides an overall
measure of the performance of the method.

Tp+Tn

0., =100
(Tp+Tn+ Fp + Fn)

(6)

where Tp, Tn are the number of mutations correctly predicted as DAMUSs (true
positives) and NEMUSs (true negatives), respectively; Fp, Fn are the number of
mutations incorrectly predicted as DAMUs (false positives) and NEMUs (false

negatives), respectively.

The performance of the method relative to random predictions is measured with
the S index ** (eq. 7). This index can be adapted to provide more precise information

on the performance for DAMUs or NEMU s (see eqs 8a,b)

B (Tp+Tn)—R><

= 100 7
fot t—R ( )
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where t =Tp +Tn + Fp + Fnand R = [(Tp +Fp).(Tp + Fn).(Tn + Fp).(Tn + Fn)] /'t

Tp _ RbAMu
§DAMU _ Tot Fno RO x100 (8a)
NEMU T}’l _ RNEMU
S :Tn+Fp—RNEMU %100 (8b)

where RPMY = [(Tp + Fp).(Tp +Fn) / t and RV = [(Tn + Fp).(Tn + Fn)] / t

Some neural networks were trained to discriminate between DAMUs occurring
in mouse and human. This was done to test if the NN was able to discriminate between
both mutation types, in order to establish a cross-species prediction method. In this case,
the quality of the predictive models was assessed using the same parameters described
in eqs 6-8a,b, but with super-indexes “DAMU” and “NEMU” replaced by “mouse” and
“human”. This procedure was repeated in an analogous fashion with human and non-

human DAMUs.

RESULTS AND DISCUSSION

While there is no doubt about the overall coincidence in the main biochemical
processes among human and animal models like mouse (Rossant & McKerlie, 2001), it
is also clear that there is a certain amount of sequence divergence among homolog

proteins. This divergence, that can be particularly fast for some families'', may be at the
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origin of the several cases in which human DAMUSs correspond to wild-type alleles in

11323435 "Eor this reason, the first point to study was to determine if mouse

other species
and human DAMUSs occur in a similar structural/functional background, in spite of the
sequence divergence between both species. That is, we wanted to know to which extent
a human pathological residue at a given location is also likely to be pathological in
mouse at the equivalent location, and vice versa. This will give us an idea about whether
the corresponding proteins are close family members, from a DAMUSs point of view. To
explore this point we compared two distributions of sequence identities. The first
corresponds to the alignments between all human and mouse SwissProt *> homologues.
The second is the sequence identity distribution between human and non-human
homologues when the latter have, at least in one position, an amino acid that would be
pathological if in the human protein. The overlap between both distributions, at
sequence identities above 70 % - 80 %, is really minor (Figure 1) suggesting that only in
a relatively small number of cases an amino acid appearing as pathological in human
will be neutral in mouse. In other words, we can reasonably expect that pathological
mutations in humans will also be pathological in mouse, and vice versa. Therefore, the
performance of human-based prediction methods should hold when applied to mouse
proteins, on the average. However, because disease-related genes could have a different
distribution than normal genes >, we computed a third distribution. The latter was
obtained using only a subset of 105 genes associated to disease in both human and
mouse, according to SwissProt ** records. For this distribution we found essentially the
same behaviour (Figure 1) as that corresponding to the general human-mouse
comparison. All these data considered together support the transferral of prediction

methods obtained in one species to other species. In addition, when sequence
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similarities between homologues are above 70% - 80%, their prediction performance in

the target species is going to be very similar to that in the training species.

Next, we studied whether DAMUs themselves are similar in both species, from
the point of view of the properties that will be subsequently utilised to score them. This
will guarantee that these properties are suitable to score both human and other species
mutations. To test this point we compared the distribution of the different parameters
used as mutation descriptors in the mouse and human sets of DAMUS (see Methods).
In all cases we found that the distribution was the same in both species (see examples in
Figure 3), indicating that there was no property showing statistically significant human
(or mouse) bias, and thus also supporting the use of human-based methods for the
scoring of SNPs/variants in mouse. A final test on the similarity of DAMUS
distributions between species was done by training a simple NN (with no hidden
layers), to distinguish between DAMUs in human and mouse. The NN was trained
considering an extended (15 descriptors) and also a reduced (PSSM and a
hydrophobicity index, results not shown) set of parameters to reduce over-training.
None of the NNs was able to discriminate between human and mouse DAMUSs, all
showing a zero percent improvement over random procedure (Table 1). All these
findings strongly support the use of bioinformatics tools trained with mutational data in

one organism to evaluate the pathogenicity of single point mutations in other organisms.

We then characterised the actual performance of human-trained NN when

utilised to predict pathological mutations in other organisms, and vice versa. To this
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end, we tested the predictive power of a NN with one hidden layer and two units (see
Methods), trained with 9334 DAMUSs and 11374 human DAMUSs from 811 proteins, in
the mouse dataset of 75 DAMUSs and 373 NEMU s, from 54 proteins. Calculations were
performed for two models (see Methods), one using only two parameters (PSSM and
residue hydrophobicity) as input, and the second considering the entire set of 15

descriptors.

From our previous work >, we know that a more complex human-trained NN
(19 input descriptors, with database annotations added to the mutation labels used here,
and one hidden layer with 22 nodes) has a good performance when discriminating
between DAMUSs and NEMUSs in humans 25, with around 85% correct predictions (Qxot,
eq. 6) and 66.5 % improvement over random (Sit, €q. 7). This predictive power
decreases, although not dramatically, when the two-descriptor NN was used (Qot
around 79 % and Sy around 56 %) is used. The figures when utilising three input

parameters (see Methods) are similar (Qyo around 80 % and S around 59 %).

When applying the most complete human-trained NN, that using 15 descriptors
as input, to the mouse set we find reasonably good results (see Table 2): 86 %
predictions are correct, with a normalised improvement over random around 53 %. The
performance decrease relative to the previous data can be traced to the SNEMU, 49 %,
which is lower than that obtained when predicting human mutations with human-trained
NNs (around 70 %). This can be essentially attributed to size variations between the

NEMU
S

human and mouse samples. This can be shown simulating the probability

distribution in samples with the characteristics of our mouse sample (see Appendix): we
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find that the human-trained NN will give an average S""™ of 44 % (£14 %), when
applied to mouse samples with the same size, DAMUs and NEMUs proportions, as our

mouse sample. The SVMY

value for our sample, 49 %, is close to the average value,
therefore indicating that the observed “decay” can be attributed to sample properties
like size, and DAMUs and NEMUs proportions. Similar, or slightly worse, figures were
obtained for the NN using two input parameters (Table 2): 86 % overall success rate,
and 51 % improvement over random. Overall, these results confirm that human-trained
NNs can be utilised to score mouse mutations, with useful success rates and
improvements over random. The small performance decrease observed, relative to the

human-trained NN when tested in human mutations, is mainly due to sample properties

like size and composition of DAMUs and NEMUs.

We also tested whether the method could work in the absence of any homologue
to the mouse proteins in the human training set. The prediction ability of the method
remained, but for a slight decrease, when human homologues of the mouse proteins
were eliminated from the training set: 82 % overall success rate, and 42 % improvement
over random. This indicates that scoring mutations in mouse proteins does not require
training the prediction method with data from the corresponding human homologues.
However, it is also clear that the presence of the latter in the training set will improve

any prediction process.

To further characterise the prediction process we analysed the prediction

failures, to see whether there was any trend among them. To this end we went through
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the values of the different parameters, however, we focused our analysis in the position-
specific scores, as they are the main contributors to the method’s performance *°. In the
case of missed DAMUs, we find that most of their values are positive, and slightly
above the decission boundary of the NN **. For this reason the latter will tend to predict
them as neutral. This usually happens in proteins belonging to large families, where
some alignment positions may be highly heterogeneous. For example, in the case of the
Microphthalmia-associated transcription factor, the mutation D329N associated to
Microphthalmia-vitiligo is predicted as neutral. A visual inspection of the corresponding
position in the family alignment shows a large heterogeneity, with N being highly
frequent in one of the sub-families. A similar explanation applies to incorrectly
predicted NEMUs, which tend to have values of the position-specific score slightly
below the decission boundary of the NN, thus being predicted as DAMUSs. Again this
situation is most likely to happen in large families. We also compared the list of GO
terms *° for the proteins corresponding to: (i) the mutations in the test set; and (ii) the
subset of the latter which were incorrectly predicted. This comparison was done with
the FatiGo software °', and no statistically significant difference were found between
both lists of proteins. That is, prediction failures are evenly distributed among the

different functional classes.

If we now consider the reverse problem, that of predicting human mutations with
a mouse-trained NN, we see that the NN with the 15 parameters input had an overall
success rate of 78 %, with an improvement over random over 55 %. We see this
performance is lower than that of the human-trained NN network predicting mouse

NEMU DAMU
S and S

mutations. In particular, there has been a reversion in the values,
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which are 69 % and 46 % for the mouse-trained NN, and 49 % and 60 % for human-
trained NN. As before, these differences can be mainly explained in terms of the above
mentioned sample properties. If we simulate the probability distribution of the SN"MY
and SP*V for the human sample, we find that the average values for these two
variables are: 46 % (+5 %) and 96 % (£4 %). That is, the reversion in the S"*™Y and

SPAMU values can be explained by the properties of the human sample. However, we

SMEMU yalue, 60 %, which is lower than the

also see a deviation for the mouse-trained
computed average, 96 +4 %. This is probably due to the biased procedure utilised to
obtain the dataset of NEMUs (see Methods), and to some overtraining due to the
imbalance between mouse NEMUs and DAMUSs. Still, it has to be mentioned that the
performance of the mouse-trained NN is remarkable, considering that it was trained
with only 448 mutations (DAMUs + NEMUs) happening in a small set of 54 proteins
and was utilised to score, with a substantial success rate, 20708 human mutations

happening in a set of 881 proteins, covering a broad range of protein functions and

structures.

The simpler mouse-trained NN -the one using two parameters as input, gave
comparable results, with a 77 % overall success rate and 51 % improvement over
random. Similar results were obtained after eliminating human homologues of the
mouse proteins. To try to push further our transferability test of the human-trained tools,
we decided to increase the mouse set with some additional mutations from other
mammalian models, increasing our set of non-human DAMUs to 105 (see Methods).

The average identity for these additional sequences was: 89 % (= 7 %). The results
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obtained for the human-trained NN (15 parameters) were 85 % overall success rate,
with a 42 % improvement over random. This slight decrease in the performance over
random can be again traced to the NEMUs, and as before it can be explained in terms of
the characteristics of the non-human set utilised (data not shown), although some
problems in the selection procedure for the NEMUSs can also have contributed. Slightly
better performance is found with the two-parameter NN (Table 2): 89 % overall success
rate, and 51 % improvement over random. The difference is attributable to a certain
degree of overtraining in the 15-parameter NN, although the differences between both

NNs are not too large.

Again, a 15-parameter NN trained excluding homologues from the training set
showed a small performance decrease, with 80 % overall success rate and 34 %
improvement over random. A similar trend is observed for the 2-parameter NN, with 83
% overall success rate, and 41 % improvement over random. Analysis of the individual

errors gives similar results as for the prediction of mouse mutations (results not shown).

The results for the reverse case, using the non-human-trained NN (15
parameters) are also very encouraging, with an overall success rate of 77 %, and a 52 %
improvement over random (similar results were found for the two-parameter NN, see
Table 2). Again, a more detailed look at the mutation-specific values show that NEMUs
are less well predicted than expected. This is probably due to the same reasons exposed
for the mouse-trained NN, that is: sample factors, a certain overtraining degree for the

neutral mutations, and a slight bias originated by the selection procedure (see Methods).
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We also explored whether other available methods could be utilised for the
purpose of annotating animal model mutations. To this end we applied two well known
prediction methods, SIFT ?° and PolyPhen " to the set of 105 mammalian DAMUs. We
find that these two methods and our own method, give similar results: 73 %, 70 % and
72 % (75 %, if we consider only reliable predictions, as PolyPhen), respectively.
Overall, these results confirm that human-based methods can be fruitfully applied to the
annotation of animal model variability with reasonable success rates (as a reference of
their expected behaviour, a comparison of the performance of the above methods when

. . . . 25
applied to score human mutations can be found in our previous work™).

In the present work we have focused in the study of DAMUs at the origin of
Mendelian disorders. In the important case of polygenic diseases we expect disease-
causing mutations to have smaller effects in the target protein, and therefore to be more
difficult to identify. To assess to which extent our method may work scoring mutations
associated to polygenic diseases, we tested our procedure in a set of over 4000
mutations in the Escherichia coli Lac repressor *°. These mutations cover a broad range
of functional effects, including very mild phenotypic effects. When applying our
procedure to these data we find, as expected, a substantial decrease in the prediction
performance: 63 % overall success rate, and 20 % improvement over random. Slightly
better results are obtained utilising SIFT *: 68 % overall success rate, and 33 %
improvement over random. However, it has to be noted that the Lac mutation dataset

20

was utilised to parameterise SIFT -, that is, the performance figures are an

overestimation. Overall, both our results and their results indicate that prediction
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methods can be utilised to score mutations covering a broad range of phenotypic effects,
including mild cases. However, the success rate will be clearly lower than that obtained
for Mendelian DAMUs, and therefore care must be exercised. This obviously applies

when transferring prediction tools to score mild mutations in other species.

CONCLUDING REMARKS

When considering protein sequence and structure, human and mouse are closely
related organisms, and for this reason mutations leading to disease in one organism are
likely to play the same role in the other. This suggests that human-based annotation
tools could be utilised to fill the annotation gap in these and other species. Here we
explore to which extent this can be done, using our neural network-based method **. We
find that both human-trained NNs as well as mouse-trained NNs can be utilised to score
mutations in the opposite species. In particular, we see that human-trained NNs can
score with high confidence mouse DAMUs. However, a minimum sequence similarity
among the sequences in both species (70 % - 80 %) guarantees that the prediction
figures obtained in human will remain almost the same in mouse, or other species.
Interestingly, the prediction process will work reasonably well even in the absence,

from the training set, of human homologues of the mouse (or other species) proteins.

The fact that the smaller dataset —the mouse dataset- can be utilised to score a

large number of human mutations with a good success rate, supports the strength of

these results. Overall, our findings open the possibility to use mutation data collected
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from massive genomic experiments in animal models to predict the pathological profile

of single point mutations in humans.
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LEGENDS TO FIGURES

Figure 1. Distribution of sequence identities between: (i) human proteins and mouse
SwissProt *° homologues (BLACK); (ii) human protein and mouse proteins, in which
both are associated to disease, according to SwissProt annotations (HASHED); and (ii1)
human proteins and non-human homologues, where the latter carry in, at least one

position, one amino acid that would be pathological in human (GREY).

Figure 2. Distribution of the level-2 gene ontology terms for the set of mouse proteins
carrying at least one DAMU, and for the whole set of mouse sequences in the SwissProt
database **. As mentioned in the text, no significant differences were found among both

datasets.

Figure 3. Comparison between mouse (RED) and human (YELLOW) distributions for
selected descriptors for pathological mutations. The chi-square tests done to compare
them indicate that there is no significant difference among both species for these
properties: accessibility, p-value=0.608; hydrophobicity, p-value=1.000; Blosum62, p-
value=0.998; PSSM, p-value=1.000; DPSSM, p-value=1.000; Shannon’s Entropy, p-

value=1.000.

192



Capitol 6.Us d’eines bioinformatiques per 1’anotacié de mutacions puntuals en models animals.

Table 1. Performance measures (see Methods) of the NN trained to differentiate
between human and non-human DAMUs (average plus standard deviations are shown).
Values were obtained using 15 descriptors (see Methods). All refers to the non-human

dataset in which other animal mutations were added to the mouse dataset (see Methods).

Descriptor mouse all
Qrot 90.7+1.7 92.21+0.20
Stot 0.5+0.7 1.1+£2.7
grmouse 04+0.6 0.7£1.8
ghuman 0.6£0.9 2.1+6.4
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Table 2. Parameters describing the prediction performance in mouse mutations of
human-trained NNs (column 2), and vice versa (column 3). The NNs were trained with
our human mutations set (see Method. Values in BOLD correspond to results obtained
using 15 descriptors, values in ITALICS to those obtained using two 2 descriptors
(PSSM and residue hydrophobicities). Also shown the performances of the human-
trained NN when applied to the all species dataset (column 4), and those of the reverse
problem (column 5). In columns 4 and 5, ALL refers to the non-human mutation dataset

in which mouse and other animal mutations were put together (see Methods).

HUMANTO | MOUSETO | HUMAN TO ALL TO

MOUSE HUMAN ALL HUMAN
86 78 85 77
et 86 77 89 76
53 55 42 52
o 51 51 51 49
- 49 69 31 69
> 49 70 43 70
. 60 46 66 41
> 53 41 63 38
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FIGURE 1
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APPENDIX

In the present work we explore to which extent tools developed to predict
DAMU:s in one species, e.g. human, can be transferred to another species, e.g. mouse.
To this end a NN is trained with a set of mutations from one of the species and tested in
set of mutations from the other species, analysing the performance of the trained NN
using standard measures like Qo or Sir. The use of these performance measures must
be done with caution, since for finite training/test sets values can oscillate due to factors
like sample size and proportion of neutral/pathological mutations in the training and test
sets. Thus, the significance of performance measures must be always analysed
considering the characteristics of the test sample. To this end we have developed a
simple probabilistic background model. Deviations from this model might signal the
presence of some biasing factors, like actual differences among species, or technical
effects of the NN training procedure, which can compromise the validity of the

performance measures.

For each mutation type, the NN scoring process of the corresponding mutation
set can be described by a binomial distribution with parameters N and q, where N is the
total number of mutations, and q is the probability of a correct prediction. For example,
N can be the number of mouse DAMUSs, and q the probability of correctly predicting
them. As an estimation of the later we will use the value obtained for the training set.
For example, when analysing the results of the prediction of mouse DAMUs with the

human-trained NN we took: N=75 DAMUSs (the total number of mouse DAMUs) and
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g=0.73 (the prediction success for human DAMUSs). For the mouse NEMUs, we took
N=373 (the total number of mouse NEMUs) and gq= 0.83 (the prediction success for

human NEMUs).

We applied this simple probabilistic model to compute the probability density of

SPAMY and SM™V (two magnitudes that provide a fair view of the performance of the

DAMU NEMU
S S

NN). Note that according to egs. 8a-8b (see methods) and are functions of
four parameters: p, n, o and u. p and u are the number of correctly and incorrectly
predicted DAMU s, respectively; n and o are the number of correctly and incorrectly
predicted NEMUEs, respectively. Note that u+p=N4q and N,=n+o, where N4 and N,, are
the total number of DAMUs and NEMUs in the test set. According to our background
probabilistic model, p and n (in the test set) should follow a binomial distribution, with

parameters (Ng, qq) and (N, qn), respectively, where qq and g, are the probabilities that

the NN successfully predicts DAMUSs and NEMUSs (estimated from the training set).

Once a binomial distribution for p and n are generated -using the corresponding routine
in “Numerical Recipes in C” °’ to generate a set of 10° values of p and n, and the

associated o and u- we computed the background distribution of S?*MY and SN*MY

(see
Figure 1 in Appendix) that should be expected in a test set for a given NN performance
(determined by qq and q,), composition and size (determined by N4 and Ny,).

Values of the real S**™Y and SN*™V found when the test set was analysed using

the trained NN should be then compared with those computed by the theoretical
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binomial distribution for the same test sample. Large deviations from the average values
point to training problems arising from fundamental differences between the samples,
from overtraining, or from large imbalances between DAMUs and NEMUs in the
training set.
REFERENCES
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FIGURE CAPTIONS APPENDIX

FIGURE 1. Simulated probability density for S"*MY (BLACK) and S™*™Y (DARK
GREY) when utilising the human-trained NN to predict the mouse set (see Appendix

text).

FIGURE 1. APPENDIX.
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