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Abstract. Co c hlear implan ts are devices that b ecome more and more

sophisticated and adapted to the need of patien ts, but at the same time

they b ecome more and more di�cult to parameterize. After a deaf pa-

tien t has b een surgically implan ted, a sp ecialised medical practitioner

has to sp end hours during mon ths to precisely �t the implan t to the

patien t. This pro cess is a complex one implying t w o in tert wined tasks:

the practitioner has to tune the parameters of the device (optimisation)

while the patien t's brain needs to adapt to the new data he receiv es

(learning). This pap er presen ts a study that in tends to mak e the im-

plan t more adaptable to en vironmen t (auditiv e ecology) and to simplify

the pro cess of �tting. Real exp erimen ts on v olun teer implan ted patien ts

are presen ted, that sho w the e�ciency of in teractiv e ev olution for this

purp ose.
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1 In tro duction

Co c hlear Implan ts (CI) [Nih89] allo w totally deaf p eople to hear again pro-

vided their auditory nerv e and co c hlear are still functional: a computer pro cesses

sounds pic k ed up from a microphone, to stim ulate directly the auditory nerv e

through sev eral electro des inserted inside the co c hlea (cf. �g. 1).

As one can imagine, there are h undreds of parameters that can b e tuned,

and in the same time the patien t has to learn to �hear� using new informations

pro vided to his auditory nerv e. The tuning of suc h a device is th us extremely

complex, and highly dep enden t on the patien t. This pro cess is curren tly done

�b y hand� b y medical practitioners, and lo oks lik e an optimisation pro cess based

on �trial and error.� This pro cess is so delicate that sometimes, no satisfactory

�tting can b e found for some patien ts.

Hence, it seems in teresting to use an in teractiv e ev olutionary algorithm (IEA)

to help �nding the b est v alues for implan t parameters. This is the main topic

of the HEVEA pro ject, whic h is a collab oration b et w een computer scien tists,

signal pro cessing exp erts and medical researc hers. The aim is actually t w ofold: to

facilitate the initial �tting of co c hlear implan ts, and to automatise the adaptation

of co c hlear implan ts to v arious sound en vironmen ts. A simple IEA w as dev elop ed

with this in mind, and tested on a v ery basic feature, the range of in tensities

that a sp eci�c electro de can tak e when stim ulating the auditory nerv e. The IEA

has b een implemen ted on a PD A and tests ha v e b een p erformed on v olun teering

patien ts with satisfying results.

The pap er is organised as follo ws: section 2 presen ts co c hlear implan ts, and

section 3 describ es ho w they are curren tly tuned b y medical practitioners. The

approac h of the HEVEA pro ject is dev elop ed in section 4, and a �rst implemen-

tation of an IEA is detailed in section 5. Exp erimen ts on sev eral patien ts are

rep orted in section 6, yielding go o d results as w ell as imp ortan t conclusions on

man ual �tting pro cedures. This �rst v alidation step is imp ortan t: an analysis

of the success and failures raises new questions that are dev elop ed in section

7, related to the w ell-kno wn �user fatigue� problem of IEAs, and to the fact

that di�eren t sound en vironmen ts ha v e an imp ortan t in�uence on the �tting of

implan ts. Automatic adaptation of the device to sound has b een in v estigated,

based on a sound signal classi�cation sc heme, whic h is detailed in section 7.

Conclusions and p ersp ectiv es are describ ed in section 8.

2 Co c hlear Implan ts

A co c hlear implan t is a surgically implan table device [GFM

+
98 ] that pro vides

hearing sensations to individuals with sev ere to profound hearing loss, who can-

not b ene�t from hearing aids. In a normal ear, sound energy is con v erted to

mec hanical energy b y the middle ear, whic h is then con v erted to electrical im-

pulses b y the inner ear (see �gure 1). In order to p erform this last stage, the

co c hlea (part of the inner ear) con tains a �uid whic h is set in to motion b y the

o v al windo w whic h is connected to the middle ear. Within the co c hlea, sen-

sory cells (inner and outer hair cells) are sensitiv e transducers that con v ert the



mec hanical �uid motion in to electrical impulses con v ey ed to the brain b y the

auditory nerv e. Co c hlear implan ts are designed to b e a substitute for the middle

ear, co c hlear mec hanical motion, and sensory cells, transforming directly sound

energy in to electrical energy that will initiate impulses in the auditory nerv e

[Mo o95 ], [Coh89 ] thanks to a digital signal pro cessor.

Fig. 1. All implan t devices ha v e the follo wing features in common : sound is collected b y

a microphone (1) and sen t to electronic comp onen ts within a sp eec h pro cessor (2). The

sp eec h pro cessor analyzes the input signal (sound) and con v erts it in to an electronic

signal (electrical). This co de tra v els along a cable (3) to the transmitting coil (4) and

is sen t across the skin via frequency mo dulated (FM) electro-magnetic w a v es to the

implan t pac k age (5). Based on c haracteristics of the co de transmitted to the in ternal

device, electro de con tacts within the co c hlea (6) pro vide electrical stim ulation to the

spiral ganglion cells and dendrites extending in to the mo diolus. Electrical impulses

then tra v el along the auditory nerv e (7), ascending auditory path w a ys to the brain.

Co c hlear implan ts ha v e b een v ery successful in restoring partial hearing to

profoundly deaf p eople [ALM95 ], [Osb97 ]. In 2006, around 70 000 deaf p eople

are implan ted with suc h devices around the w orld. E�ciency is quite v ariable,

ranging from totally deaf patien ts that ha v e fully reco v ered their audition and

are capable to follo w telephone con v ersations and enjo y m usic, to others who

hear strange sounds they can't b ene�t from, to a p oin t where they prefer to

switc h o� the implan t [COM94 ], [GTBV C01 ], [BTE04 ], [Rom98 ].

F or man y p eople, it is still di�cult to fully tak e adv an tage of the device

b ecause it is not easy to tune the parameters of digital signal pro cessor and

adjust them for the c haracteristics for eac h patien t, since all patien ts are di�eren t

(cause of deafness, n um b er of y ears b et w een total deafness and implan tation, age,

depth of electro de insertion,. . . ).

Researc h has b een going on since nearly 50 y ears ago on ho w to electrically

stim ulate the auditory nerv e to giv e a totally deaf patien t sound sensations



[LPD00,Loi01 ]. Ev en though the early devices stim ulated the auditory nerv e

with one electro de only , some luc ky patien ts managed to hear again and ev en

understand sp eec h. No w ada ys, it is tec hnologically p ossible to use more than one

electro de, in order to stim ulate more of the thousands of neurons the auditory

nerv e is made of [PCMF79] [CFML83]. Ho w ev er, the more electro des, the more

parameters to tune.

The co c hlea is used to in terface electro des and the auditory nerv e. The

co c hlea is a biological device that mainly allo ws to map di�eren t sound frequen-

cies on to di�eren t neurons. It is shap ed lik e a snail shell. Only long w a v elengths

(lo w frequency sounds) can reac h the far end of the co c hlea, while short w a v e-

lengths (high frequency sounds) are stopp ed at the en trance of the co c hlea. The

idea is then for surgeons to use this frequency discriminator and insert in to the

co c hlea a thin silicon wire, b earing an arra y of ring-shap ed electro des.

The arra y of electro des (cf. �g. 1/6) is then connected to an an tenna inserted

under the skin of the patien t, in a ca vit y created b y the surgeon in the skull

b one of the patien t, just ab o v e his external ear (cf. �g. 1/5). On the outer side

of the skin, the patien t w ears another an tenna (cen tered o v er the inner an tenna

thanks to a p o w erful magnet (cf. �g. 1/4)) that is itself connected to a digital

signal pro cessor (DSP) whic h uses a microphone as input(cf. �g. 1/2).

When a sound is receiv ed b y the microphone, the DSP pro cesses it and sends

electrical impulses to the external an tenna, that are receiv ed b y induction b y the

implan ted an tenna. when the microphone pic ks up a lo w frequency sound, the

DSP will stim ulate electro des in tro duced deeply in the co c hlea (that will mak e

the patien t hear a lo w pitc h sound) while on the con trary , high pitc h sounds

receiv ed b y the microphone will ha v e the DSP stim ulate electro des closer to the

en trance of the co c hlea (that will mak e the patien t hear a high pitc h sound).

3 Co c hlear Implan t �tting

3.1 Complexit y of the problem

Being able to use more than one electro de to stim ulate di�eren t neuron areas

is indeed a great impro v emen t, but the n um b er of parameters to tune increases

drastically . Concerning electro des only , man y questions arise, among whic h:

� Whic h frequencies should b e mapp ed to whic h electro des ?

� Whic h range of in tensities should b e applied to whic h electro des ?

� Ho w man y electro des should b e stim ulated sim ultaneously ?

� Should the pro cessor prohibit neigh b our electro des to b e stim ulated sim ul-

taneously in order to a v oid diaphon y (crosstalk b et w een nearb y electro des) ?

Finding go o d answ ers to these questions is a di�cult optimisation problem.

This not only due to the extremely large size of the searc h space but to sev eral

other reasons. First of all, the qualit y of a �tting is a t w o stage pro cess where

sub jectivit y pla ys a large role: the practitioner has to in terpret the qualit y of the

�tting (second sub jectiv e pro cess) from the answ ers giv en b y the patien t (�rst



sub jectiv e pro cess). The disparit y of patien t b eha viour with resp ect to language

and sensitivit y to v arious thresholds, as w ell as the c haracter of the practitioner

deeply in�uences the results. F or example the w ell kno wn psyc hological �Pyg-

malion� e�ect biases answ ers of the patien t, who often unconsciously tries to

satisfy the practitioner's exp ectations.

The sound en vironmen t is another cause of v ariabilit y of results, as the �tting

session usually tak es place in a small ro om at hospital with the practitioner.

Ho w ev er the co c hlear implan t m ust also b e used in real life, and a correct �tting

at hospital ma y rev eal v ery uncomfortable or un useful when in the street, or in

a restauran t.

F atigue and brain adaptation are also other sources of trouble: it is imp ossible

to test man y p ossible parameter sets during a single session, so the pro cess is

v ery long and needs sometimes w eeks to obtain a satisfying result. In the same

time, a �tting that ma y not app ear immediately as satisfying, ma y impro v e when

testing it on a longer p erio d (brain has a plasticit y that cannot b e neglected).

There are man y factors that mak e this problem highly irregular. Ho w ev er,

it has b een pro v ed that an acceptable or ev en go o d �tting is reac hable b y a

man ual searc h conducted b y an exp erienced practitioner. W e describ e b elo w

this man ual �tting tec hnique, whic h is mainly a h uman-guided �trial and error�

pro cess, resem bling a lo cal searc h.

3.2 Man ual �tting

No w ada ys, dep ending on the man ufacturer, the n um b er of electro des v aries b e-

t w een 8 and 22. Co c hlear implan t ��tting� is p erformed b y an exp ert practitioner,

who pro ceeds in the follo wing w a y:

� Righ t after the surgical in terv en tion, the practitioner tries to determine

whic h electro des are functional (an electro de is functional if the patien t hears

a sound when curren t is applied to the electro de).

� F or eac h functional electro de, the practitioner tries to determine the range

of in tensities that can b e used. The lo w est in tensit y ab o v e whic h the patien t

p erceiv es a sound is called T (for Threshold). The maxim um comfortable

in tensit y (loudest sound the patien t can b ear for a reasonable amoun t of

time) is called C (for Comfort threshold).

Determining the T and C v alues for eac h electro de tak es time (comm uni-

cation with a deaf patien t, a y oung c hild, or with an old patien t can b e

di�cult), and due to the increasing n um b er of electro des, some man ufac-

turers no w advise to determine T and C v alues for one ev ery three or four

electro des, and extrap olate the v alues for the other electro des. See [Rou01 ],

[Hes02 ] for more informations on this topic.

Other man ufacturers ev en set a v erage v alues for T and C , based on neural

resp onse or ev en statistics.

� Then, once the C � T range is maximised for all the electro des, the �real�

�tting b egins. The practitioner uses his exp ertise to map frequency bands

logarithmically on to the di�eren t functional electro des, and starts to tune



the gain and sensitivit y dep ending on sound frequencies, then tunes the

n um b er of sim ultaneously activ e electro des,. . . while at the same time asking

the patien t whether they understand b etter or w orse, whether the sound

qualit y is comfortable or not, a.s.o.. Of course, misunderstandings b et w een

the practitioner and the deaf patien t ma y o ccur here (elderly patien ts, small

c hildren, . . . ) that ma y a�ect the qualit y of the �tting. In certain cases, the

practitioner will sligh tly reduce the C � T range for some electro des, when

he has the feeling that the �neurologic� bandwidth is limited, and that the

neurons facing the electro de are getting saturated at only mo derate auditory

lev els.

Results are v ariable, but often go o d. Usually , a �tting session starts with the

practitioner asking whether the curren t �tting is b etter or w orse than the previ-

ous one. The b est of the recen t �ttings is tak en as a basis that the practitioner

will try to impro v e, resulting in some sort of hill clim bing pro cess.

The patien t tries to describ e the qualit y of his audition, and the practitioner

tries to mo dify some parameters to help solving the problems. T w o or three

parameters can b e c hanged during a 30 to 90 min utes �tting session. Then, the

patien t lea v es with the new settings that he k eeps for a couple of mon ths, b efore

he comes bac k for another �tting session. The whole pro cess is therefore v ery

long (sev eral y ears for problematic patien ts).

4 Description of the Problem

As seen ab o v e, �tting co c hlear implan ts is done through a set of correlated pa-

rameters [LPD00], and p erception and comfort thresholds are link ed to histopatho-

logical factors sp eci�c to the patien t [KSC

+
98 ]. In most cases, the �tting strategy

simply consists in maximising the n um b er of electro des and maximising their dy-

namic range [BPG

+
92 ]. This often giv es go o d results, but for some patien ts this

approac h do es not w ork. Moreo v er, the follo wing observ ations ha v e also b een

rep orted:

� Better results migh t b e obtained b y decreasing the dynamic range [FXP03].

� Only using a subset of electro des migh t impro v e sp eec h recognition [ZCW97 ].

� Holes in sp ectral represen tation can exist in tonotopic represen tation (map-

ping of the sound frequencies on the electro des) and sp ectral information

redistribution around the holes do es not increases results [SGD02].

Moreo v er:

� Most of the patien ts do not use all the information giv en b y the electro des

[Fis96 ].

� All the electro des are not necessary to obtain maximal sp eec h p erception

p erformance in silen t [DDML89,L WZF96 ,Fis96 ,KVR

+
00 ] and noisy en viron-

men ts [FSBW01] (part of this could b e due to electrical in teraction b et w een

c hannels [SLM

+
06 ]).



These published observ ations sho w that c ho osing a go o d subset of electro des

can ha v e an in�uence on sp eec h understanding, as w ell as the dynamic range

on the electro des. Finally , taking in to accoun t a real sound en vironmen t could

increase sp eec h understanding for some patien ts.

The w ork presen ted in this pap er will try to address b oth the problems of

c ho osing a go o d subset of electro des, and taking in to accoun t a real life sound

en vironmen t.

5 Description of the In teractiv e Ev olutionary Algorithm

Before this w ork w as started, sev eral �tting sessions w ere observ ed, with patien ts

who w ere not satis�ed with their co c hlear implan t. During these exp erimen ta-

tions, it really seemed that the �tting w as stuc k in a lo cal optim um, since the

exp ert's heuristics lo ok ed quite lik e what is kno wn in computer science as a lo cal

searc h (trial of neigh b ours of the curren t b est �tting) that w ould not bring an y

impro v emen t.

This triggered the idea to use ev olutionary algorithms, that are b oth quite

go o d at optimising parameters and not easily trapp ed in lo cal optima. The ge-

netic lo op is the follo wing: the EA �suggests� a set of parameters that are directly

uploaded in to the Co c hlear Implan t's pro cessor, and w aits for an ev aluation.

Other w orks ha v e b een conducted on in teractiv ely �tting hearing aids with

ev olutionary algorithms, [Dur02 ,T ak01 ], but they concern only con v en tional hear-

ing aids, with a relativ ely small n um b er of parameters that can b e tuned. T o

our kno wledge, nob o dy has tried to apply ev olutionary algorithms to Co c hlear

Implan ts �tting.

5.1 Managing the runs

In an in teractiv e ev olutionary algorithm, a h uman user ev aluates the di�eren t

individuals prop osed b y the algorithm.

Thomas Bäc k's results ([Bae05 ]), suggest that an ev olutionary algorithm ma y

do as w ell (if not b etter) than a h uman exp ert on a n um b er of ev aluations of

the same order than the n um b er of real parameters to optimise. Therefore, if the

problem has around 100 parameters to tune, p erforming only 100 ev aluations

ma y allo w to obtain in teresting results. If it is p ossible to �nd an ev aluation

pro cedure that tak es around 5mn, a run w ould last around 8 hours.

Ho w ev er, it is also imp ortan t to tak e psyc hology and h uman fatigue in to

accoun t: a w ell tuned con v ergence sp eed o v er 100 ev aluations could seem dis-

couraging for a h uman patien t, who ma y think that impro v emen t is to o slo w.

Besides, since it is not p ossible to ha v e an 8 hour run in one go, an elegan t

solution consists in fractioning the exp erimen tation in to sev eral partial fast-

con v erging runs, with a restart at the end of eac h run [Jan02 ]. Dividing the 8

hour run in to 5 mak es for 5 1h30 runs, that are quite manageable.

Rather than �nding w a ys to a v oid premature con v ergence, it is on the con-

trary a v ery fast con v ergence that is sough t on these short runs of appro ximately



20 generations. This feature is easily obtainable with ev olutionary algorithms,

since they are kno wn to con v erge quite fast, if no coun ter-measures are tak en.

This p olicy allo ws to use a v ery fast con v erging algorithm trying to exploit

lo cal minima, rather than a slo w con v erging algorithm trying to widely explore

the searc h space, lo oking for the global minim um. The consequences of premature

con v ergence are dealt with thanks to the p erio dical restarts. During the last run,

one can restart the algorithm with the b est individuals found in the 4 �rst runs,

so as to b ene�t from the results previously found.

P opulation size and n um b er of c hildren p er generation. F or an iden tical

n um b er of ev aluations, t w o p ossibilities exist: either man y c hildren p er gener-

ation and a small n um b er of generations, or a small n um b er of c hildren p er

generation and man y generations.

Out of these t w o p ossibilities, it is the algorithm that maximises the n um b er

of generations that will fa v our most con v ergence. This suggests a Ste adyState re-

placemen t p olicy , or a (� + � ) with a v ery reduced � (n um b er of c hildren) [Bae95 ].

Then in order not to sp end to o man y ev aluations in the initial p opulation, one

can also reduce it as is done in micr o-GAs [Kri89 ].

Extremely lo w v alues can b e used, suc h as 3 to 6 individuals for the initial

p opulation, with 1 to 3 c hildren p er generation. F or the �fth run, 4 individuals

could b e used for the initial p opulation, tak en from the b est individuals of the

4 previous runs.

The algorithm c hosen for this sp eci�c in teractiv e optimisation will therefore

b e a mo dern ev olutionary algorithm, in the sense that it do es not tak e after an y

of the four usual paradigms (Ev olution Strategies, Genetic Algorithm, Genetic

Programming, Ev olutionary Programming) [DJ05 ].

A ccording to Bäc k [Bae05 ], using an Ev olution Strategy paradigm for 100

ev aluations should allo w to optimise up to 100 real v ariables. In Co c hlear Im-

plan ts �tting, ho w ev er, one can start with trying to �nd the b est T and C v alues

for eac h electro de. With the MXM 15 electro des CI used for this exp erimen t, the

genome is therefore an arra y of only 30 real v alues, meaning that the c hances to

�nd a go o d �tting are m uc h higher.

5.2 Initialisation

One hard constrain t needs to b e resp ected: the algorithm should not go b ey ond

the maxim um in tensit y for eac h of the electro des for fear of destro ying some of

the patien t's auditory neurons. Therefore, for eac h new patien t, a �rst session

with a practitioner is realised to determine the maxim um admissible in tensit y for

eac h electro de, that is called a psychophysic al test . In order to reduce the searc h

space, a minimal in tensit y b elo w whic h the patien t do es not hear an ything is

also determined.

The initialisation of eac h individual therefore simply consists, for eac h of

the 15 electro des, to pic k up t w o random v alues within the [min; max ] in terv al

determined during the psyc hoph ysical test, and to tak e the lo w er v alue as a T
threshold, and the higher v alue as a C threshold for the eac h of the 15 electro des.



5.3 Selection of the paren ts

P aren ts selection is di�eren t from the replacemen t stage, in that it can select

an individual sev eral times. Whenev er a c hild m ust b e created, t w o di�eren t

individuals are selected among the paren t's p opulation, that can b e selected

again to create another c hild.

Since the selection pressure of prop ortional selection dep ends on the �tness

landscap e of the problem to b e solv ed (whic h is unkno wn), a sto c hastic tour-

namen t is selected [BT97 ], with a 90% probabilit y , that consists in randomly

selecting 2 individuals and to tak e the b est of the t w o with a 90% probabilit y .

5.4 Crosso v er

The genes are real v alues, whic h could ha v e suggested some kind of barycen tric

crosso v er (suc h as used in Ev olution Strategies), where eac h gene of the c hild is

an a v erage b et w een the t w o genes of his paren ts. But since it is in terv als that

m ust b e ev olv ed, this t yp e of crosso v er w ould ha v e led to reducing the in terv als

progressiv ely .

The c hosen crosso v er is that of genetic algorithms, whic h exc hange the par-

en t's genes after a crosso v er p oin t ( lo cus ) c hosen randomly . A mono-p oin t crosso v er

w as c hosen, as a m ultiple crosso v er w ould ha v e had a tendency to break e�cien t

genomes, and w ould ha v e turned the crosso v er in a kind of macro-m utation.

In this same attempt to not break go o d con�gurations, the determination

of the lo cus is made electro de b y electro de (the t w o T and C v alues are not

separated). Since w e are using a ( � + � ) ev olutionary engine, with a n um b er of

c hildren smaller than the size of the p opulation, the crosso v er is called to create

eac h c hild (100% probabilit y).

5.5 Mutation

Mutation is also called with a 100% probabilit y on eac h created c hild. In the

prop osed algorithm, eac h gene has a 10% probabilit y to b e m utated. Since there

are 30 genes, eac h c hild undergo es 3 m utations in a v erage. This ma y seem imp or-

tan t, but due to the large epistasis, mo difying a threshold on the global genome

only has a limited in�uence on the global ev aluation. This high m utation rate

allo w to k eep a reasonable exploratory c haracter to the algorithm, in spite of the

v ery small n um b er of ev aluations.

5.6 Replacemen t

A Ste ady State -lik e replacemen t is used, i.e. with a v ery small n um b er of c hildren

p er generations, in order to promote a fast con v ergence. During a strict Steady

State replacemen t, only one c hild w ould b e created, that w ould replace the w orst

of b oth paren ts. Since w e decided to ha v e sev eral c hildren p er generation, it

is a (� + � ) replacemen t sc heme that is used, with only 2 or 3 c hildren p er

generation (where Ev olution Strategies usually create more c hildren than there

are individuals in the p opulation).



5.7 Ev aluation

It is p ossible to memorize 2 or 3 �ttings on mo dern co c hlear implan t pro cessors

(called P1; P2; P3). Un til this researc h w as conducted, the ev aluation of the

patien t's understanding w as done b y t w o di�eren t w a ys. Either the patien t w as

sen t home with the new �tting on P1 and the previous �tting on P2, whic h

allo w ed him to compare b oth �ttings in his en vironmen t, or an ev aluation w as

done b y an orthophonist with in tensiv e tests during more than one hour.

Ev en though an in teractiv e ev olutionary algorithm requires a reduced n um b er

of ev aluations [T ak98 ] none of these metho ds w ere suitable for an in teractiv e

ev olutionary algorithm, so v arious ev aluation proto cols ha v e b een devised and

will b e describ ed in details in section 6.

5.8 Execution

The ev olutionary algorithm has b een implemen ted b oth on a regular P ersonal

Computer and on a PD A so that it is p ossible for a patien t to tune his co c hlear

implan t in a real en vironmen t (in a train station, for instance, if the patien t

w orks there and really needs a sp eci�c �tting for this particular en vironmen t).

The �rst v ersions ha v e b een implemen ted using the EASEA

2

[CLSL00 ] lan-

guage in com bination with the GALib library [W al]. Later v ersions ha v e b een

completely re-implemen ted from scratc h in C++, b ecause the GALib library

has a bug that mak es it ignore the ev aluation of the initial p opulation. Although

this is not v ery imp ortan t for applications where ev aluations are easy to obtain,

losing n in teractiv e and tiring h uman ev aluations w as to o high a cost in this

sp ecial case.

6 Exp erimen ts

The �rst three sub-sections presen t results obtained with patien t A, that w ere

conducted b y Claire Bourgeois-République, as part of her PhD. thesis of the

Univ ersité de Bourgogne. These results ha v e already b een presen ted in sev eral

pap ers [BR04 ,BR V C05 ,BRF C05 ].

The follo wing exp erimen ts ha v e b een conducted b y Vincen t P éan and Pierric k

Legrand within the RNTS HÉVÉA pro ject, funded b y the F renc h Ministry of

Health.

6.1 Presen tation of P atien t A

Patient A has receiv ed an MXM co c hlear implan t 10 y ears ago in 1994. Unfor-

tunately , he has not reco v ered a p erfect audition (he understands some w ords

quite w ell, but not others), although he is able to hold a con v ersation o v er the

telephone, whic h is already quite a feat.

2

h ttp://sourceforge.net/pro jects/easea or

h ttp://complex.inria.fr/cgi-bin/t wiki/view/Complex/Soft w areEASEA



He w as initially giv en a w aist pro cessor (called Boîtier ) to b e carried at-

tac hed to his b elt, un til MXM recen tly came up with a tin y �Behind The Ear�

BTE pro cessor. In 2003, patien t A has receiv ed a BTE with the hop e that new

tec hnology w ould allo w him to hear b etter.

Unfortunately , this is not the case. After man y disapp oin ting �tting sessions

with an exp ert practitioner, he still feels uncomfortable with the BTE and ap-

paren tly cannot follo w a con v ersation with it. He therefore k eeps the BTE in a

dra w er and uses the old Boîtier for ev ery da y life.

The automatic �tting algorithm describ ed in this pap er w as dev elop ed with

the latest MXM tec hnology , i.e. BTEs. It w as though t that Patient A could b e

a go o d patien t to test the ev olutionary algorithm, with the remote hop e to �nd

parameters that w ould allo w him to hear with his state of the art BTE at least

as w ell as with his old Boîtier .

T o start with, Patient A came to the hospital for y et another �tting session

with a practitioner, with the aim to determine the minim um and maxim um

(C and T) in tensit y v alues for eac h of the electro des for his BTE, to feed the

ev olutionary algorithm (cf. table 1).

Electro des 10, 11 and 12 ha v e C and T v alues of 0 b ecause the auditory neu-

rons they face ha v e apparen tly b een damaged (P atien t A do es not hear an ything

whatev er in tensit y is applied to these electro des).

Electro de 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Min 6 6,5 6,5 9 9 9 8 8 8 0 0 0 7 6 5

Max 9,5 13 13 18 20 21,5 21,5 18 16,5 0 0 0 12 10 9

T able 1. Minim um and maxim um in tensit y (C and T v alues) for eac h electro de for

Patient A . A pulse stim ulation is de�ned b y t w o parameters: Pulse heigh t = in tensit y

in mA (b et w een ab out ten microA and 2 mA). Pulse width = duration in microseconds

with a step of 0,5 microsecond. The min and max units are the min and max of the

pulse width (in microsecond) of the stim ulation for a giv en pulse heigh t.

In order to b e able to compare �ttings, ev aluations w ere done with the b est

�ttings on the Boîtier and the BTE. The results corresp onded to his claims.

With the 78%/22% ev aluation describ ed ab o v e:

� The Boîtier obtained an ev aluation of 53% (sligh tly more than 50% of the

78 w ords w ere understo o d).

� The BTE obtained an ev aluation of 48.5% (few er w ords w ere understo o d

and the BTE is less confortable).

Although the results ab o v e are not statistically signi�can t (only one ev alua-

tion for the Boîtier and the BTE), they matc hed w ell with the patien t's feelings.



6.2 First set of exp erimen ts

Ev aluation for the P atien t A. A new ev aluation proto col ha v e b een devised,

using calibrated sen tences extracted from a list of �co c hlear� sen tences elab orated

b y Pr. Lafon [Laf64 ], that are supp osed to con tain represen tativ e syllable of the

F renc h language allo wing to ev aluate pathological co c hlea. T en sen tences w ere

selected, for a total of 78 w ords, that w ould giv e 78 p oin ts if all w ords w ere

correctly understo o d.

A comfort mark b et w een 0 and 10 completes the ev aluation, as an uncomfort-

able �tting will not b e used b y the patien t. The comfort mark is m ultiplied b y

2.2 so that the global ev aluation is made of 78 p oin ts coming from the recognised

w ords + 22 p oin ts coming from the comfort of the tested �tting.

T ests ha v e sho wn that this ev aluation pro cedure tak es sligh tly less than 4

min utes. This is clearly not enough to obtain a �ne ev aluation of the audition

of the patien t, but it allo ws to p erform 100 ev aluations in 6h40mn only (i.e.

1h20mn p er run if the 100 target ev aluations are decomp osed in 5 runs). If this

reduced proto col is enough to guide the ev olutionary algorithm and allo w it to

impro v e the �tting o v er 100 suc h ev aluation, the aim is reac hed.

Suc h an aim is di�eren t from the aim of the complete ev aluation of a standard

practitioner, b ecause due to the v ery small n um b er of �ttings they can p erform

in a y ear (ab out 10 �tting sessions p er y ear and p er patien t), they need a v ery

precise ev aluation pro cedure in order to test the qualit y of the audition of the

patien t.

The exp erimen ts b elo w w ere made in order to �nd the go o d v alues for the

parameters of the in teractiv e ev olutionary algorithm (size of the p opulation,

n um b er of c hildren p er generation, m utation rate, . . . ), hence the di�eren t tested

v alues.

Exp erimen t 1 and results. F or the �rst exp erimen t with patien t, the size of

the p opulation w as limited to 3 individuals and the ev olutionary algorithm w as

ask ed to create 3 c hildren p er generation. Mutation rate w as 0.1 and crosso v er

rate w as 1.

On the �rst ev aluation (of a randomly created individual) 42 w ords w ere

understo o d on a total of 78. P atien t A ga v e an ev aluation mark of only 1 (o v er

10) b ecause ev en though he could understand more than half of the w ords, the

BTE sound w as resonating and feeling uncomfortable. The global ev aluation w as

therefore of 42+1 � 2.2=42.2.

On this �rst exp erimen t, 12 ev aluations w ere p erformed, whic h is a large

n um b er, kno wing that preparation and ev aluation of one �tting tak es b et w een

15 and 20 mn for an exp erienced practitioner. With the ev olutionary algorithm,

only 4 mn w ere needed p er �tting.

The result of the ev aluation is giv en in the table .

The �rst three ev aluations (44.2, 21.2, 9.2) corresp ond to random individuals.

Arti�cial ev olution starts on �tting n um b er 4, with 3 c hildren p er generation

(generations are mark ed with a double v ertical bar).



Fitting 1 2 3 4 5 6 7 8 9

Ev aluation 44,2 21,2 9,2 31,4 55,6 46,4 74,8 74,8 58,4

Fitting 10 11 12

Ev aluation 81 81 79,8

T able 2. Exp erimen t 1 -patien t A

F rom the 5th ev aluation on w ards, obtained results are b etter or equiv alen t

to the b est �tting p erformed b y the medical practitioner (48.5).

Fittings 7 and 8 are nearly iden tical, as w ell as �ttings 10, 11 and 12. These

results ha v e nev er b een approac hed b y the exp ert neither with the BTE nor with

the Boîtier .

Patient A is en th usiastic, and a second exp erimen t is started with 6 individ-

uals, to a v oid premature con v ergence.

Exp erimen t 2 and results. The only c hanges that ha v e b een made are a

p opulation size of 6 individuals and 4 c hildren p er generation (generations are

mark ed with double v ertical bars).

Fitting 1 2 3 4 5 6 7 8 9 10

Ev aluation 24 17 30 19 53.2 37.4 22.6 24 33.4 32

Fitting 11 12 13 14 15 16 17 � � �

Ev aluation 9 27.4 34 34.5 12 27 32 � � �

T able 3. Exp erimen t 2 - patien t A

The �rst four random individuals get p o or results. Then, crosso v er and m u-

tations ha v e di�culties creating b etter individuals, with some really p o or indi-

viduals (�ttings 11 and 15).

Patient A gets tired and disapp oin ted. The test is stopp ed after the 17th

�tting.

Exp erimen t 3 and results. F or the 3rd test, the p opulation is reduced bac k to

three individuals, but with 2 c hildren p er generation. Mutation rate is increased

to 0.6 and roulette-wheel is used as a selector in order to increase the selectiv e

pressure when c ho osing paren ts.

The three initial individuals obtain great v alues (54, 33 and 26.5). The second

generation obtains v alues near 50. Then ev aluations increase to w ards 60s and 70s

without dropping b elo w 50 again.



Fitting 1 2 3 4 5 6 7 8 9 10 11

Ev aluation 54 33 26.5 48 52 51.6 54.6 62.8 59.6 65.6 60.1

Fitting 12 13 14 15 16 17 18 19 20 21 22

Ev aluation 60 72 69.4 53.4 73 67 50.1 62 68.3 67.3 65

T able 4. Exp erimen t 3 - patien t A

Around generation 10 or 11 (�ttings 20, 21, 22), ev aluations seem to stabilise

near 70 without b eating v alue 73 of �tting 16.

Exp erimen t 4 and results. F or the fourth exp erimen tation, p opulation size is

set to four individuals and four c hildren p er generation. Mutation rate is brough t

bac k to 0.1 and paren ts selection is set bac k to T ournamen t.

Fitting 1 2 3 4 5 6 7 8 9 10 11 12

Ev aluation 59.4 62.2 57.3 58.9 57 62.3 65 73 75.3 65.2 83.1 68

Fitting 13 14 15 16 17 18 19 20 21 22 23 24

Ev aluation 75.4 91 91.5

T able 5. Exp erimen t 4 - patien t A

In a v erage, the �rst four individuals presen t an a v erage ev aluation of 59.5

and all subsequen t v alues are ab o v e 56.5.

V alues of 91 and 91.5 are obtained at the end of generation 4. Patient A is

tired but extremely satis�ed and surprised b y suc h results. He lea v es for lunc h

with the BTE.

Ho w ev er, when he returns a couple of hours later, he sa ys that the �tting is

not v ery e�cien t in noisy en vironmen ts, and feels lik e he still prefers his Boîtier ,

as it feels m uc h more comfortable to w ear, as he has used it for the past 10 y ears.

Exp erimen t 5 and results. P opulation is no w of 5 individuals, with t w o

c hildren p er generation, a tournamen t selector and a m utation probabilit y of

0.1.

Among the �rst �v e random individuals, t w o sho w a surprising ev aluation of

70.1 and 71.9, whic h raises questions on the original �tting of the exp ert for the

BTE, whic h only gets 48.5 on the exact same data. Some answ ers to this will b e

pro vided in third and fourth sets of exp erimen ts b elo w.

Ho w ev er, ev olution do es not seem to �nd an y b etter individuals.



Fitting 1 2 3 4 5 6 7 8 9 10 11

Ev aluation 18.6 53 70.1 9 71.9 58.4 60.3 58 51 57.3 48.2

Fitting 12 13 14 15 16 17 18 19 20 21 22 23

Ev aluation 36 36.2 50 29 33.5 50.3 40.2 44.5 48.3 49.3 45.2 50

T able 6. Exp erimen t 5 - patien t A

Discussion on obtained results

Fitness evolution: The ev olution of the b est individual for the �v e runs The

ev olution of the b est individual for eac h of the runs is sho wn �gure 2. Fitness

increases on all exp erimen ts but exp. 2, whic h is a nice result for suc h a small

n um b er of ev aluations, meaning that the educated guesses made on the IEA

implemen tation w ere probably go o d. It seems that the correct p opulation size is

3 or 4 individuals, with 2 to 4 c hildren p er generation.

Fig. 2. Ev olution of the b est individuals p er ev aluations, for eac h exp erimen tation.

A nalysis of the b est obtaine d individual: Analysis of the T/C v alues of the b est

individual is in triguing (Figure 3: Electro des 10, 11 and 12 ha v e b een omitted

as they are not functional). Sometimes, exp erts reduce the C - T range for some

electro des when they feel that the neural "bandwidth" is to o narro w and there

is a p ossibilit y of saturation if the auditory information is to o imp ortan t. In the

�tting found b y the IEA, ho w ev er, man y of the C - T ranges are reduced do wn

to 1.5, 1, 0.5 and ev en 0. In fact, only electro des 1, 7 and 9 ha v e signi�can t

ranges (o v er 2.5, cf. circled arro ws). Other go o d �ttings sho w wider ranges for

electro des 7 and 9 and narro w er ranges for the other electro des, whic h raises

a h yp othesis: What if, for this precise patien t, some electro des had a negativ e

in�uence on sp eec h understanding ? If this w ere the case, the curren t practice



Fig. 3. X-axis: Electro des, Y-axis: In tensit y . The b old curv es represen t the maxim um

allo w ed en v elop e (T and C) for eac h electro de and the curv es in dotted lines represen t

the b est obtained individual (T and C).

(that has b een going on for man y y ears) of maximising the range of as man y

electro des as p ossible w ould also maximise the range of "wrong" electro des that

prev en t the patien t of understanding sp eec h. After this �rst ev olutionary �tting

session, the patien t w en t bac k home with the original settings in his CI.

This exp erimen t raises sev eral questions:

� Is minimising the T � C in terv al equiv alen t to sh utting do wn an electro de ?

� Could there b e a diaphon y problem (crosstalk) b et w een the electro des ?

� Could the problem b e com binatorial ?

6.3 Second set of exp erimen ts.

A second set of exp erimen ts has b een conducted in order to v erify some h yp othe-

ses that arose after the �rst set of exp erimen ts. The tests ha v e b een conducted

with the same patien t and with the same ev aluation proto col, but one mon th

later. It is imp ortan t to note that b et w een the t w o sets of exp erimen ts, the pa-

tien t has used his old Boîtier and has resumed his normal life, meaning that

it is v ery probable that no neuronal plasticit y has had an y c hance to o ccur.

The ev aluation basis are therefore comparable. In the text b elo w, the �rst set of

exp erimen ts is noted C1 while the second set is noted C2 .

Exp erimen t 6. Surprisingly enough, the b est individual obtained during the

fourth run w as virtually using only three of the 12 functional electro des: Elec-

tro des 1, 7 and 9. Eac h electro de corresp onds to a giv en frequency band:

� Electro de 1: 4089 - 5798 Hz,

� Electro de 7 : 671 - 916 Hz

� Electro de 9 : 427 - 549 Hz



Since electro de 1 w as mapp ed on to v ery high frequency sounds that are not

discriminan t for sp eec h, the n um b er of functional electro des could b e reduced

to only 2. In order to con�rm this strange result, the �rst deterministic test

maximises electro des 7 and 9 only (using the maxim um C - T range of table 1),

giving only a small range to electro de 1 �gure 5. F or all the other electro des,

T and C v alues are set to 1 and 1.5, i.e. m uc h b elo w the threshold, in order

to cancel them totally . This setting obtains an ev aluation of 82, whic h is m uc h

b etter than with all activ ated electro des (b est �tting of 48.5 obtained b y the

exp ert). Nearly 90% of the w ords w ere understo o d, and the �tting w as rated as

not v ery comfortable. This allo ws to conclude that for this patien t, using only

three electro des out of 15 allo ws him to understand sp eec h b etter than with all

functional electro des set to nearly maxim um range.

Fig. 4. Exp erimen t 6. X-axis: Electro des, Y-axis: In tensit y . T esting with electro des 1,

7 and 9 only . The b old curv es represen t the en v elop e (T and C) for eac h electro de. The

dotted lines corresp ond to the man ually tested T and C v alues for eac h electro de.

Exp erimen t 7: On the in�uence of electro de 8. In the C1 set of exp er-

imen ts, the ev olutionary algorithm seems to hesitate a bit on electro de 8. In

order to test its real con tribution, the electro de 8 is added to the 1, 7 and 9

electro des, b y maximising its C � T in terv al (using the v alues of table 1). The

obtained ev aluation is 81, and the patien t �nds that the �tting is sligh tly less

comfortable than the previous one. Sp eec h understanding is comparable. The

electro de 0 do es not seem to ha v e an imp ortan t role in sp eec h understanding.

Exp erimen t 8: Is there an y diaphon y b et w een the electro des ? In order

to explore this h yp othesis, ev en electro des are suppressed (b y setting T and C



v alues b elo w the T liminary v alues for the patien t), and the o dd electro des are

maximised (using the v alues of table 1), so as to space activ e electro des (cf.

�gure 5).

Fig. 5. Exp erimen t 8. X-axis: Electro des, Y-axis: In tensit y . Chec king for diaphon y .

This �tting obtains an ev aluation of 78.8, and is judged less comfortable

b y the patien t. The result is therefore not as go o d as those obtained during

exp erimen ts 6 and 7. A dding other electro des do es not seem to add m uc h. The

result is ho w ev er still m uc h b etter than the one obtained b y the practitioner

with the BTE (48.5).

Exp erimen t 9: Spacing electro des ev en more. This time, 2 electro des out

of 3 are canceled, b y setting their T and C v alues to 1 and 1.5 (cf. �gure 6).

Therefore, electro des 1, 4, 7 are activ ated. It w as c hosen to k eep electro de 9

activ e, so as to k eep a common comparison basis with the previous exp erimen ts.

Finally , electro de 15 is maximised �gure 6. This �tting obtains an ev aluation of

only 58.5, i.e. clearly not as go o d as the previous ones, and the patien t rates it

as quite uncomfortable. This is v ery surprising, as the only di�erence with the

�rst test (that had obtained an ev aluation of 82) is that electro des 4 and 15

ha v e b een added. Clearly , not only is there no diaphon y problem (spacing activ e

electro des did not impro v e ev aluation), but it can b e concluded that for this

patien t, electro des 4 and 15 con tribute negativ ely to sp eec h understanding. The

fact that functional electro des can con tribute negativ ely to sp eec h understanding

is a totally new concept in the co c hlear implan t medical �eld.



Fig. 6. Exp erimen t 9. X-axis: Electro des, Y-axis: In tensit y . Chec king for diaphon y b y

selecting only one ev ery 3 electro des, and k eeping electro de 9.

Exp erimen t 10: Ev aluation of the b est individual of C1 . In order to test

the ev aluation pro cedure, the b est individual of the set of exp erimen ts C1 is

tested again, one mon th later, and without telling an ything to the patien t.

The sp eec h understanding test is again v ery go o d (94% of the w ords are

understo o d, whic h is ev en b etter than one mon th b efore) but the comfort mark

(o v er 22, cf. section 6.2) is not as go o d, resulting in a sligh tly lo w er ev aluation

of 86.2%. All in all, this v alue is sligh tly lo w er than the one obtained during C1 ,

but it is the b est v alue obtained during C2 .

Exp erimen t 11: Ev aluation of the practitioner's �tting. This time, it is

the practitioner's original �tting that is tested again (the one that more or less

maximised all electro des, and that had obtained 48.5 during C1 ).

Here again, the n um b er of recognised w ords is v ery lo w (only 33%) and

comfort gets a bad 4/10 ev aluation. The global ev aluation is 41.8, whic h is also

sligh tly w orse than during C1 .

All in all, in one mon th, the b est �tting found b y the IEA w en t do wn from

91.5 to 86.2, while at the same time, the practitioner's �tting also w en t do wn

from 48.5 to 41.8. This suggests that the prop osed quic k 4mn ev aluation is quite

reliable, as the results seem to b e repro ducible one mon th later, while the patien t

used his old Boîtier in the mean time.

Other tests. In order to v erify that v alues obtained b y the ev olutionary algo-

rithm are b etter than random ones, other exp erimen ts ha v e b een conducted with

random v alues for T and C for all electro des. Ev aluations range from a v erage to

bad, although often greater than those obtained b y the practitioner (48.5). The

patien t �nds that these �ttings are not comfortable.



6.4 Third set of exp erimen ts with others patien ts

In order to v erify the gain obtained with computer-aided CI �tting, and dev elop

its use at hospital, new exp erimen ts ha v e b een carried out with others patien ts.

This set of exp erimen ts C3 is conducted with 2 new patien ts: P atien t B and

patien t C. F or these exp erimen ts, the parameters of the IEA are the follo wing:

P opulation 3

Children 2

Mutation rate 0.1

Crosso v er rate 1

The new p opulation is obtained b y taking the b est individuals of the in ter-

mediate p opulation consisting of the 3 paren ts and the 2 c hildren (i.e. in the

st yle of a (3+2)ES).

Corpus and metho dology . Both patien ts ha v e receiv ed MXM co c hlear im-

plan ts some y ears ago, but they are not satis�ed with their devices and ha v e no

go o d results (general ev aluation b y the practitioner is less than 50%). The IEA

has b een used to try to determine optimal C (Comfortable) and T (Threshold

in tensit y) v alues for eac h of the electro des of the CI.

T o start with, the patien ts came to the hospital for a �tting session with a

practitioner, and minim um and maxim um in tensit y v alues for eac h electro des of

their BTE ha v e b een determined, to giv e b oundaries to the ev olutionary algo-

rithm.

F or these 2 patien ts (B and C), the same pro cedure that w as used for patien t

A (a set of calibrated sen tences) has b een tested. Unfortunately , the results are

disapp oin ting as patien ts B and C recognise but a few w ords, meaning that this

test is to o hard for them.

Therefore, a new ev aluation pro cedure w as set up, based on a w eigh ted ev al-

uation of the results of:

� A discrimination test (ASSE) on 7 items. The ASSE test consists in emitting

a sound n times (an [i] for instance), and within these o ccurrences, replacing

one of the [i] with an [a] (for the follo wing sequence: i i i i a i i). The patien t

needs to detect that one of the sounds w as di�eren t. The ASSE test coun ts

for 20% of the ev aluation.

� A V CV (V o w el/Consonan t/V o w el) test ([AP A], [A T A], . . . ), where the pa-

tien t m ust recognise the consonan t b et w een the t w o v o w els. In one V CV test,

eac h V CV is rep eated 3 times, meaning that 48 V CV s are prop osed to the

patien t (b ecause in F renc h, there are 16 di�eren t phonetic consonan ts). This

test coun ts for 50% of the ev aluation.

� A comfort ev aluation with a mark from 0 to 10, that coun ts for 30% of the

ev aluation.



Unfortunately , the complete ev aluation tak es a long time (m uc h more than 4

min utes), and the patien ts are less complian t than patien t A, so it is imp ossible

to get around 100 ev aluations (as for patien t A).

After the �rst sessions, the P1 and P2 settings of the CI w ere loaded with

resp ectiv ely the �tting obtained with the IEA, and the man ual �tting of the

practitioner, after whic h the patien ts w ere sen t home with the instruction to use

the b est �tting of P1 or P2.

After t w o w eeks, the patien ts came bac k for new tests:

1. a discrimation test with P1 and with P2,

2. a V CV recognition test with P2 and with P1,

3. a sen tence recognition test with 10 sen tences using the P1 setting (IEA).

Third set of exp erimen tations with patien ts B and C

� First session for P atien t B:

Ev al Nb Man ual 1 2 3 4 5 6

ASE Result 4/7 5/7 5/7 5/7 6/7 5/7 7/7

V CV Result 33% 31% 25% 18% 29% 31% 31% fatigue

Comfort 7/10 6/10 7/10 5/10 5.5/10 6/10 8/10

Ev aluation 5 5 4 5 5 6

� Second session for P atien t B three da ys later:

Setting Man ual 1 2 3 4 5 6 7

ASE Result 6/7 7/7 7/7 7/7 6/7 5/7 5/7

V CV Result 35% 25% 27% 10% 18% 18% 20% 27% fatigue

Comfort 5/10 6/10 6/10 5/10 5/10 5/10 5/10

Notation 4 5 4 4 4 4 4

The b est obtained �tting (6th �tting of the �rst session) w as loaded in mem-

ory P1 of the BTE and the patien t w as sen t home for t w o w eeks for a long

ev aluation of the new �tting.

� First session for P atien t C:

A �rst set of indep enden t random tests has b een p erformed, to b e compared

to the man ual �tting results, in the table b elo w:

Setting Man ual Random

ASE Result 5/7 6/7 5/7 5/7 5/7 5/7 4/7 5/7 6/7 5/7

V CV Result 45% 33% 29% 22% 39% 31% 18% 29% 39% 35%

Comfort 4/10 5/10 5/10 5/10 5/10 4/10 5/10 5/10 5/10

Notation 5 4 4 5 4 3 4 5 4

Then the IEA is used, but only based on a V CV ev aluation, to shorten the

time of ev aluation.



Setting 1 2 3 4 5 6 7

V CV Result 35% 41% 39% 33% 20% 43% 37% F atigue

Notation 4 4 4 3 2 4 4

As for P atien t B, P atien t C is sen t bac k home for a long ev aluation of �tting

obtained in setting 6 (V CV result = 43%).

After t w o w eeks, patien ts B and C come bac k to hospital with the follo wing

results for patien t B:

T est ASE V CV W ords/list Comfort

Auto 3/7 33% 7 n/a

Man ual 5/7 27% 10 n/a

And for P atien t C:

T est ASE V CV W ords/list Comfort

Auto 3/7 52% 1 8/10

Man ual 4/7 37% 2 8/10

Remarks:

1. Both patien ts preferred to use the P1 �tting, i.e. the one found b y the in-

teractiv e ev olutionary algorithm (although the v ery small n um b er of ev alu-

ations due to the long ev aluation mak es it more lik e a random searc h than

an ev olutionary searc h).

2. Random �tting can do really w ell, sometimes sligh tly b etter than what the

practitioners do when they maximise the n um b er of electro des and their

dynamic.

3. Comfort is to o di�cult to ev aluate accurately for the patien ts.

4. As for the in teractiv e ev olutionary algorithm, eac h of these non w ord based

ev aluations is m uc h to o long to obtain, meaning that patien ts get tired v ery

rapidly and the run is stopp ed b efore a signi�can t n um b er of ev aluations

could b e done that could allo w the ev olutionary algorithm to suggest other

�ttings than random ones.

The results obtained b y this random searc h again question the maximisation

of the n um b er of electro des and the maximisation of their dynamic range.

These random tests also sho w that the ranges of p ossible parameters v alues is

w ell c hosen, pro viding a searc h space ha ving man y �a v erage go o d� solutions, but

with a rather ��at� searc h landscap e. In these conditions, and considering the

parameter setting of the IEA (a (3+2) Ev olution Strategy), time for con v ergence

is to o short to really obtain the b eginning of a con v ergence. The problem of user

fatigue mak es it imp ossible to obtain meaningful results. A dditionally it can b e

argued that the ev aluation is not discriminan t enough to pro vide an e�cien t

�tness landscap e to the IEA.

New tests ha v e b een designed, taking these results in to accoun t.



6.5 F ourth set of exp erimen ts

The same patien ts (P atien t B and C) w ere tested. The parameters of the IEA

are the follo wing:

P opulation 4

Children 3

Mutation rate 0.8

Crosso v er rate 1

The new p opulation is obtained b y an elitist binary tournamen t b et w een a

p opulation made b y the paren ts and the c hildren. The elitism is "soft," in the

sense that it is the b est individual of the 7 individuals that is tak en to b e part

of the next generation (and not the b est of the paren ts only). The three other

individuals are selected b y a standard binary tournamen t.

Corpus and metho dology . Eac h trial w as based on the results of a V CV

recognition test suc h as [AP A], [A T A] . . . The patien t has to recognise the con-

sonan t in the V CV. Eac h V CV is prop osed once, meaning that there are only 17

items in a test. The result o v er the 17 V CV coun ts for 100% of the ev aluation.

Exp erimen ts

� P atien t B:

The IEA �tting tested o v er t w o w eeks obtains an ev aluation of 2 o v er the

17 tested V CV s. The exp ert �tting is tested again, and here again, only 2

of the 17 tested V CV s w ere recognised. A new run giv es the follo wing results:

Ev aluation 1 2 3 4 5 6 7 8 9 10

V CV Result 2 3 3 2 3 4 3 4 4 3

And after one hour break and restart:

Ev aluation 1 2 3 4 5 6 7 8 9

V CV Result 4 2 3 2 4 2 2 3 3

Sev eral �ttings w ere found where 4 V CV s w ere recognised rather than only

2 previously , but it m ust b e noted that these �ttings w ere found at random.

P atien t B w as satis�ed with this result.

� P atien t C:

The IEA �tting tested o v er t w o w eeks obtains an ev aluation of 8 o v er the 17

tested V CV s. A new run giv es the follo wing results:



Ev aluation 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

V CV Result 6 5 5 5 4 7 5 7 7 8 7 4 6 4 4 7 5 4

After a lunc h break, the algorithm is restarted, initialised with t w o individ-

uals whic h are the IEA �tting the patien t had b een using for the previous

w eek and the b est �tting of the previous run (�tting 10).

Ev aluation 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

V CV Result 3 5 6 6 7 8 7 7 6 3 5 8 6 6 6 4

Then after another break, the algorithm is restarted again to pro duce the

follo wing results:

Ev aluation 1 2 3 4 5

V CV Result 6 3 7 6 8

Remarks:

� The IEA w as w orking �ne, although no real impro v emen t could b e seen, ev en

during the longest runs (lik e the �rst run of patien t C, i.e. 18 ev aluations,

i.e. ev olution during �v e generations).

� The probable explanation is that the c hosen V CV ev aluation is to o di�cult

for b oth patien ts, and the algorithm cannot �nd an y �tting leading to a

stable impro v emen t of the audition of the patien ts.

7 A ctual w ork and p ersp ectiv es

Concerning the ev olutionary runs, the ev aluation function is v ery imp ortan t. If

for these patien ts, the V CV test is really to o hard, the IEA will not b e able to

�nd an y impro v emen ts (the �tness landscap e is to o �at to giv e a direction for

impro v emen t to the algorithm).

It seems imp ortan t to sp end some time to set up an ev aluation function

sp eci�c to eac h patien t, that can return an a v erage v alue, neither to o lo w, lik e

3/17 or 5/17 (b ecause this w ould mean that the test is to o di�cult) or to o high,

lik e 15/17 or 16/17 (b ecause this w ould not lea v e an y ro om for impro v emen t).

The ev aluation function m ust b e quic k. If it is to o slo w, the patien t will

get tired b efore an y signi�cativ e n um b er of ev aluations are done (in the set of

exp erimen ts 3).

Finally , un til the IEA pro cedure is routinely giving go o d enough results, it

ma y b e in teresting to c ho ose �easier� patien ts, i.e. patien ts for whom the co c hlear

implan tation w orks sligh tly b etter . . .

Ev en though the sets of exp erimen ts 3 and 4 ha v e not b een really satisfying

ev olutionary-wise, the results are v ery in teresting on a medical p oin t of view,



Fig. 7. Best �tting found b y the practitioner for patien t C: eac h rectangle represen ts

the [T; C] in terv al for eac h electro de.

since it has con�rmed that narro w er in terv als (or ev en remo v al of one or sev eral

electro des) can lead to b etter sp eec h understanding.

In all tested patien ts (of whic h A B C w ere a subset), it w as p ossible to

�nd �ttings that w ere w orking at least as w ell as man ual �ttings maximising

the dynamics for all electro des, and in man y cases, these �ttings w ere simply

random �ttings !

In order to ha v e a visual example, �g. 7 sho ws the in terv als for all the elec-

tro des of patien t C on the b est �tting found b y the practitioner, while �g. 8

sho ws the b est �tting obtained . . . randomly , that giv es b etter results than the

practitioner's. Please note the skinn y in terv als compared to those of �g. 7. In

some cases, some electro des are virtually cancelled (electro des 5, 8, 11, 12 and

13), whic h go es against reason (and against what is adv o cated b y the co c hlear

implan ts man ufacturers).

7.1 Classi�cation of sound en vironmen ts

Man y users of co c hlear implan ts or hearing aids �nd that the parameter set-

ting of their device is not p erfectly adapted to all situations of their ev eryda y

life: in restauran ts, they �nd clic king cutlery aggressiv e, and they ha v e a hard

time follo wing a con v ersation, in the street, some noises are nearly un b earable,

and so on. Some patien ts ma y need a setting for a quiet en vironmen t (suc h as

home) but ma y w ork in a noisy en vironmen t (metal industry , garage, other noisy

en vironmen ts) so there is no miracle solution.

The aim of the HEVEA pro ject is to impro v e hearing with co c hlear implan ts

b y sev eral means. One is to help the exp ert �nd go o d �ttings using an in teractiv e

ev olutionary algorithm [BR C05 ], and another is to in tegrate in to the pro cessor



Fig. 8. Best �tting found at random for patien t C, that b eats the b est �tting found

b y the practitioner: eac h rectangle represen ts the [T; C] in terv al for eac h electro de.

a small signal analysis soft w are that w ould b e able to recognise the sound en vi-

ronmen t and automatically select a �tting accordingly , among a set of a v ailable

�ttings corresp onding to di�eren t situations.

In order to ac hiev e this second task, sev eral stages m ust b e p erformed :

1. The medical team m ust determine with the patien t a n um b er of common

en vironmen ts for whic h the patien t w ould need a sp eci�c �tting, for instance:

home, w ork, sup ermark et, cinema, . . .

The n um b er of sp eci�c en vironmen ts should b e limited, b ecause for eac h of

the sp eci�ed en vironmen ts, a sp ecial set of parameters needs to b e found for

the co c hlear implan t, and �nding a go o d set of parameters can b e a long and

di�cult task (ev en with the help of an ev olutionary algorithm).

2. F or eac h of the sp eci�ed en vironmen ts, the patien t m ust tak e a n um b er of

sound samples to bring bac k to hospital.

3. Sp eci�c parameters m ust b e found, to deal with eac h of the sp eci�ed en vi-

ronmen ts (p ossibly with the help of an in teractiv e ev olutionary algorithm).

4. In parallel, the di�eren t samples m ust b e analysed to extract some com-

mon features, so that a classifying algorithm can determine them in whic h

category falls the sound en vironmen t that is surrounding the patien t.

5. Finally , the c haracteristics and parameters for the di�eren t en vironmen ts

m ust b e uploaded in to the co c hlear implan t pro cessor, along with a signal

pro cessing program that will automatically c ho ose the correct parameters to

matc h the en vironmen t in whic h the patien t is ev olving.

The result is an �in telligen t� co c hlear implan t that can automatically switc h

b et w een p oten tially di�eren t sets of parameters, dep ending of the sound en vi-

ronmen t surrounding the patien t.



This section presen ts the sound sampling, c haracterization and classi�cation

stage. It starts with a description of the sp eci�c sound sampler dev elop ed for

this application, follo w ed b y a sub-section recalling the w a v elet theory on whic h

the scien ti�c w ork is based. Then, a third sub-section describ es ho w the energy

con ten t of a sample can c haracterise a sound en vironmen t. Finally , results are

presen ted on the classi�cation of di�eren t en vironmen ts using a standalone piece

of soft w are.

Dev elopmen t of an a p osteriori sound sampler. In this application, sound

sampling is essen tial to pro vide accurate data for t w o orthogonal needs:

1. The sound en vironmen t m ust b e accurately recorded so that it can b e recog-

nised in the future b y the pro cessor with su�cien t con�dence to switc h

b et w een di�eren t sets of parameters.

2. P articularities m ust b e also recorded so that a sp eci�c �tting can b e found

that will help to cop e with the curren t en vironmen t.

This distinction m ust b e made b ecause it is necessary to tune the Co c hlear

Implan t (CI) on p ossibly transien t sounds that are not represen tativ e of the

general sound en vironmen t. F or instance, one patien t curren tly switc hes o� his

co c hlear implan t whenev er cycling to w ork, b ecause the sound of a motorbik e

passing b y is to o stressful to b e b earable with his usual CI �tting. Cho osing to

switc h o� his CI (and b ecoming totally deaf ) in a street en vironmen t is quite

radical, but sho ws ho w m uc h an adaptiv e and �in telligen t� CI w ould b e needed

for this patien t.

So it w ould b e necessary for the adaptiv e CI to recognise a street en vironmen t,

in order to c ho ose for a �tting that w ould allo w to cop e with passing motorbik es,

although passing motorbik es are exceptional in a street. One m ust therefore �nd

a �tting adapted to an exceptional ev en t, that should b e selected when a sound

en vironmen t (that has nothing to do with the exceptional ev en t) is detected.

Sampling the r e gular envir onment for char acterization. The sampling m ust b e

as accurate as p ossible, so that the pro cessor can select the correct parameters

without making an y mistak es. Therefore, recording a sound en vironmen t on an

old tap e recorder ma y not b e su�cien t. A small jac k plug has b een added to the

pro cessor of the CI so that it could output directly the sound pic k ed up b y the

microphones of the CI to a digital sampler.

Then, a sampling soft w are has b een dev elop ed on a PD A (P ersonal Digital

Assistan t) that the patien t plugs directly on to the CI pro cessor in order to sample

the exact sound that is receiv ed b y the pro cessor (cf. �g. 9).

Sampling the exc eptional event for CI �tting. Then, another problem arises:

whenev er an exceptional ev en t o ccurs for whic h the CI should b e tuned, it is often

to o late (the un b earable motorbik e sound has v anished b efore the patien t could

record it, or in a cro wded restauran t, the w ords that ha v e not b een understo o d

cannot b e rep eated in exactly the same manner). A solution could b e to sample



Fig. 9. A sampling soft w are has b een dev elop ed on a PD A that the patien t plugs

directly on to the CI pro cessor in order to sample the exact sound that is receiv ed b y

the pro cessor.

the street (or the restauran t) for a long enough time, but here again, it is di�cult

do predict when the righ t motorbik e will app ear (or when the w aiter will sp eak

in an unin telligible w a y), and this could result in hours of recording, and hours

to repla y the records to �nd the relev an t information.

A sp ecial sampling soft w are has therefore b een dev elop ed that constan tly

records the curren t sound for a p erio d of n seconds. When the patien t hits the

record button, whatev er happ ened during the previous n seconds is stored in

a �le, for future use. 30 seconds seems to b e a correct p erio d, so that when the

patien t uses the PD A to record precise sounds, he has 30 seconds to press on

the button after he noticed that some in teresting sound has o ccurred.

These v ery transien t sounds samples (motorbik e) ha v e a di�eren t con ten t

than the samples that are used to c haracterise the general en vironmen t (�stan-

dard� street noise).

Characterisation of a sound en vironmen t. W e distinguish t w o steps in the

problem of �sound en vironmen t classi�cation�. The �rst step is the extraction of

the c haracteristics, in order to build the represen tation's space. The second step

is to �nd a classi�cation metho d whic h allo ws to �t eac h p oin t of this space with

a probabilit y of b eing in a sp eci�ed family . W e can extract a lot of information

from a sound in order to mak e a classi�cation. F or example, one can use the

frequen tial con ten t, the cepstral c haracteristics, the loudness, the pitc h ...

F rom what is kno w from the h uman p erception, sp ectral c haracteristics are

discriminan t for the recognition of all kind of sounds. This is the reason wh y w e

decided to use sp ectral measuremen ts for arti�cial c haracterisation.

F or this w ork w e will analyse the frequen tial con ten t at eac h dy adic scale

b ecause the implan t p erforms the same kind of analysis. W e will use a w a v elet

transform in order to p erform a m ultiscale analysis (see [Dau92 ] and [Mey90 ]).



W e could use a simple F ourier T ransform but w e prefer k eep the p ossibilit y to

use the time lo calisation pro vided b y the w a v elet transform for a future w ork.

In fact, W a v elet analysis allo ws to adjust the width of analysis windo ws, and

ac hiev es a p erfect lo calisation in time and frequency . Logically , temp orally ex-

tended windo ws are used to study lo w frequencies, while narro w er windo ws are

used for higher frequencies. This lo calisation prop ert y mak es w a v elet theory pre-

dominan t in sev eral areas of signal pro cessing.

Continuous W avelet T r ansform (CWT). A w a v elet is a �w a v e lo calised in time.�

More precisely , it is a function  2 L2(R ) suc h that

R
R

 (t)dt = 0 .

If

R
R

 2(t)dt = 1 , then w e use normalized w a v elets.

The con tin uous w a v elet transform of a signal f is giv en b y:

CW T(a; b) =
1

p
a

Z 1

�1
f (t) 

�
t � b

a

�
dt

In this expression, a is a scale factor and b is a translation parameter (tem-

p oral shift). V ariable a represen ts the in v erse of the frequency: the smaller a, the

(temp orally) narro w er the w a v elet (i.e. the analysing function).

Therefore, one can see this expression as the pro jection of the signal on a

family of analysing functions:

 a;b =
1

p
a

 
�

t � b
a

�

constructed b y widening and translation from the original  w a v elet.

Discr ete W avelet T r ansform. In this w ork w e use a discrete w a v elet transform

whic h is faster than the con tin uous transform. The Discrete W a v elet T ransform

can b e obtained thanks to the discretization of the parameters of resolution ( a)

and p osition ( b). Let a = am
0 with m an in teger, a0 a resolution step greater

than 1 and b = nb0am
0 with n an in teger and b0 > 0.

F urthermore, if a = 2 and b = 1 , the transform is called �dy adic.� One then

has:

Cj;k = 2 � j
2

Z 1

�1
f (t) (2� j t � k)dt

If  j;k = 2 � j
2  (2� jt � k) w e get a tiling of the time-frequency space called a

dy adic grid (see �g 10).

Ener gy of a signal. F or a giv en scale, if w e use a normalized w a v elet, the energy

of the signal can b e obtained from the con tin uous w a v elet transform. More pre-

cisely: one can compute the energy of the a scale b y adding the squares of the

w a v elet co e�cien ts of the con tin uous transform at this scale:

E 2
a =

Z
[CW T(a; b)]2db (1)



Fig. 10. Dy adic grid. X-axis: Time, Y-axis: F requency . A t the b ottom, eac h p oin t is

a p oin t of the signal. The matc hing discret w a v elet co e�cien ts are the circle in the

grid. A t lo w frequencies, the computation of the w a v elet co e�cien t uses large windo ws

in time, then w e only ha v e few co e�cien ts. On the opp osite, at high frequencies the

computation uses small windo ws.

where E 2
a is the energy at scale a. If w e use the discrete w a v elet transform, w e

get:

E 2
j =

2j � 1
X

k=1

[C(j; k )]2
(2)

where E 2
j is the energy at scale j .

Char acterisation of a class by its ener gy c ontent. As said ab o v e, a class will b e

c haracterised b y its energy con ten t. Let us consider a sound en vironmen t S1.

The patien t records a collection of *.wav �les, that are c hopp ed in to a family of

n1 subsignals of 214
p oin ts (almost 3 seconds for eac h subsignal, the 214

n um b er

of p oin ts b eing c hosen b ecause it is a go o d compromise b et w een quan tit y of in-

formation and computing sp eed). If one computes the discrete w a v elet transform

of theses signals and the energy of eac h of the obtained frequency bands during

m ulti-resolution analysis, one then gets n1 v ectors of 14 co ordinates. W e c ho ose

to c haracterize a class b y the mean v alue of these v ectors. W e obtain for eac h

class a v alue at eac h dy adic bandwidth frequency (see �g 11).

Classi�cation of sound en vironmen ts. The aim is to create a class for a

sp eci�c en vironmen t, b y using a collection of .wav �les as input. The set of

sounds c hosen b elo w are part of a patien t's en vironmen t.

When the patien t is in a new en vironmen t, he uses the sound sampler and

records a sample of this en vironmen t. A .wav �le is imp orted and c hopp ed

in to 214
micro-samples. When clic king on compute , eac h of the mini-samples is

asso ciated with the family that matc hes the sample b est.

A ratio is then displa y ed, that presen ts the n um b er of samples that corre-

sp onded to eac h family , and the results are displa y ed in a bar-c hart. The bar-
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Fig. 11. X-axis: frequency , Y-axis: Energy . Left up: "Car-radio" en vironmen t. Righ t

up: "Birds" en vironmen t. Left middle: "Sup ermark et" en vironmen t. Righ t middle :

"road corner" en vironmen t. Left do wn: "Sc ho ol-y ard" en vironmen t. Righ t do wn: "La wn

mo w er" en vironmen t. Set of v alues of the energy for eac h frequency (�ne lines), en v elop e

and mean criterion (thic k lines).



Fig. 12. Graphical In terface for the classi�cation to olb o x.

c hart pro vides us the matc hing family with a certain con�dence. F or example if

80% of the micro-sample are classi�ed in the class S1, then the sample will b e

classi�ed in the class S1 with a con�dence of 80%.

Results. F or eac h family , a v ailable .wav �les ha v e b een c hopp ed in to mini-

samples of 214
p oin ts. 66% of the mini-samples c hosen randomly are used for the

learning set, and 33% for the test set. The results are presen ted in the follo wing

table:

F amily Learning set T est set matc hing family Con�dence

Car-radio 16 8 Car-radio 100%

Cross-roads 24 13 Crossroads 84 %

Birds 12 7 Birds 100%

Sc ho ol-y ard 22 11 Sc ho ol-y ard 100%

Sup ermark et 35 15 Sup ermark et 100%

La wn-mo w er 10 5 La wn-mo w er 80%

hop

This set of sound was chosen b e c ause they wer e p art

of the sound envir onment of the teste d p atient .

All samples ha v e b een correctly classi�ed. F or Car-radio, Bird, Sc ho ol-y ard,

and Sup ermark et en vironmen ts w e ha v e 100% of con�dence. The w orst results

are for the Crossroad and La wn-mo w er en vironmen ts, the sample ha v e b een

correctly classi�ed with a con�dence of resp ectiv ely 84% and 80% (on the 13

Crossroad test samples, one is iden ti�ed as a Sup ermark et en vironmen t and



another one as a la wn-mo w er, and on the la wn-mo w er, one out of 5 samples is

classi�ed as b eing a crossroad).

F uture w ork. What needs no w to b e done for the sc heme to b e fully functional

is to connect the PD A to the co c hlear implan t, so that if the PD A is able

to classify an en vironmen t with a con�dence rate greater than 50%, it selects

automatically the corresp onding CI �tting adapted to this sound en vironmen t

and it uploads it in to the CI.

If, on the con trary , the con�dence rate is less than 50%, the sound en viron-

men t is sampled and memorized, so that it can b e classi�ed later on (whic h ma y

require to create a new sound class).

8 Conclusion

The problem of co c hlear implan ts �tting b elongs to a class of v ery di�cult

problems, imp ossible to solv e in a deterministic w a y in a limited time, for at

least t w o reasons:

� The function to b e optimised cannot b e mo deled. It is extremely v ariable,

b ecause it is dep enden t on the patien t and link ed to a sub jectiv e ev aluation

of his auditiv e sensations.

� The searc h space is v ery large, therefore, strict optimalit y is out of reac h.

The w ork presen ted in this pap er describ es an approac h of this problem,

based on an in teractiv e ev olutionary algorithm with a micro-p opulation. The �rst

results with patien t A are promising: ev olution has tak en place (as the curv es

sho w in �g. 2) and the obtained results w ere far b etter than those obtained b y

an exp ert practitioner.

Ho w ev er, this exp erimen t sho w ed that it w as p ossible to obtain go o d �ttings

b y simply selecting v alues at random, whic h questions the usual aim, that is to

maximise the n um b er and range of electro des to impro v e audition and compre-

hension. A n um b er of other exp erimen ts has b een conducted that sho ws that

indeed, the strategy adv o cated b y CI man ufacturers ma y not b e the b est, whic h

is a new result in the medical �eld.

But this w ork is ob viously a preliminar one, that needs to b e con�rmed

with additional exp erimen tal analysis on other patien ts, ha ving v arious pro�les.

Moreo v er, the aim of this pro ject is to mak e co c hlear implan ts more adaptiv e

to patien ts and to their en vironmen ts: The adaptation to audio en vironmen t

that has b een sk etc hed in section 7, needs no w to b e tested b y patien ts in real

en vironmen ts.

Other p oin ts of impro v emen ts are more tec hnical and relate to the heart

of the in teractiv e optimisation metho d. The real exp erimen ts presen ted in this

pap er actually pro v e the imp ortance of user fatigue, whic h is a general problem

in IEAs. But in the case of audio in teraction this problem is ev en more crucial,

for t w o reasons: only one signal can b e ev aluated at once (on the con trary to



visual ev aluations), and the atten tion needed to correctly ev aluate a �tting is

extremely demanding for implan ted patien ts.

Usually , one cop es with user fatigue in three w a ys: [PC97 ,T ak98 ,Ban97 ] :

� reduce the size of the p opulation and the n um b er of generations,

� c ho ose sp eci�c mo dels to constrain the researc h in a priori �in teresting� areas

of the searc h space,

� p erform an automatic learning (based on a limited n um b er of c haracteristic

quan tities) in order to assist the user and only presen t to him the most

in teresting individuals of the p opulation, with resp ect to previous v otes of

the user.

In this pap er w e ha v e used the �rst item, i.e. a micro-EA. The exp erimen tal

analysis that has b een presen ted pro v es the necessit y to try other strategies.

A ccording to the third item ab o v e, exp erimen ts ha v e b een conducted on another

application (image denoising) with a �tness map tec hnique [LPL V05 ], where the

�tness rating has b een extended to individuals of a larger p opulation via the

analysis of the user judgmen t on a small sample of individuals. F uture w ork

on co c hlear implan ts could use a similar strategy , in order to ev olv e a larger

p opulation of parameter settings while k eeping a lo w n um b er of user ev aluations.

A dditionally , other strategies to b etter exploit the user in teractions should

b e considered, suc h as using partial ev aluations (shorter audio tests), and re�ne-

men ts of audition, understanding and comfort ev aluations only on areas of the

searc h space that ha v e b een iden ti�ed as promising b y the IEA.
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