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CAPITOL 1. INTRODUCCIO

INTRODUCCIO

Fiabilitat i concordanca dels metodes de mesura
La fiabilitat dels metodes de mesura és un aspecte fonamental per a garantir la quaitat de tota

activitat basada en la presa de decisons mitjancant les vaoracions provinents d aguests
metodes. Les Ciencies de la Sdut sin una d'aquestes activitets on continuament es prenen
decisons derivades dds resultats d’agun tipus de mesura, ja sigui, per exemple, la vaoracié
subjectiva del professona de la sdut a patir d'una placa de torax, o @ diagnogtic d'un
pacient derivat dds resultats d’'una anditica. Aquest fet fa necessari que € professond tingui
una certa seguretat en els metodes que utilitza per que lapracticamédicasigui eficient.

El principd problema que es pot derivar d'un métode de mesura no fiable és, sens dubte, la
classficacio o diagnogtic incorrectes d'un pacient, perd @ fet de que es mesuri amb error
també provoca que sobservin associacions atenuades entre variables, per exemple entre una
maldtia i un factor de risc, od fet que la potencia dels contrasts d’ hipdtes sigui inferior a la
destjada o edimada en principi (Fleiss, 1986). Aixi doncs, per edtudiar la fiabilitat d'un
metode de mesura és necessari mesurar repetides vegades la caracteristica que es desitja
vdorar a un set de mostres o individus susceptibles de tenir la caracteristica en qliestié. Sota
aguest disseny, d model de mesura subjacent que genera les dades observades es pot definir
com

X; =a+hX; +e

on Xj; correspon a la mesura j-éssma reditzada sobre I'individu i-éssm, X representa la
mesura real desconeguda de I'individu i-essim i g és la variacio deatoria que es produeix en
reditzar cada mesura i que habitument sassumeix centrada a zero. S E(Xij):X? es

consdera que € métode de mesura no té biaix i per tant s€1 qudifica de vaid. Pertant a i b
es reacionen amb I'exactitud dd métode, on a expressa d hiaix Ssemdic constant mentre
gque b indica d biax Sgematic proporciond. A mode dexemple podriem imaginar una
baanca que sstematicament mesura 2 kg de més (biaix constant) o que sisteméaticament dona
1,5 vegades més que @ pes red (biaix proporcional). Naturament & biaix sistemetic pot ser
corregit § es digposés informacid sobre X[ mitjiangant un métode lliure d'eror (gold
standard). L’acte de corregir € biaix sstematic és conegut com a cdibracié de I'instrument

de mesura.
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D’dtra banda, I'error deatori e; es relaciona amb la preciso de I'instrument donat que ens
infforma de la variacié de les mesures d voltant del vaor red X’ . Aixi un insrument lliure
d error haura de ser exacte (sense biaixos) i amb una variabilitat de I’error de mesura igua a
zero. Obviament aguesta Situacio és forca ided de manera que per considerar un métode
fisble sera suficient que es caracteritzi per manca de biax dstemdic i que la variabilita de
I"error es mantingui dintre d’ uns limits acceptables.

Una dtra questié és la intercanviabilitat entre métodes de mesura, és a dir, la concordanca
entre diferents métodes. Independentment de s els métodes son fiables 0 no, és interessant
condderar les implicacions que pot tenir la subdituci6 d'un métode de mesura per un dtre.
Per exemple, es va edudiar les implicacions que tenia € canvi d'un esfigmomanometre
manud per un dautometic respecte a I'estimacié puntud de la prevaenca d hipertensé
(Parddll et d., 2001), aribant-se a la conclusé que amb I'gpardl automatic I'estimacio
puntuad augmentava un 3% (19% amb I'gpardl manud, 22% amb I'gpardl automatic). La
concordanca entre instruments de mesura també es pot descompondre en exactitud i precisio,
on I'exactitud vindria representada per la igudtat de mitjanes entre ambdos metodes, és a dir,
gue en mitjana mesurin d mateix. Pd que fa a la precisé, des d'un punt de vida edricte seria
necessari que es instruments No presentessin error de mesura, pero aquesta Stuacio és irred,
sent suficient que s erors de mesura sguin amilars i dintre d'uns limits tolerables que facin
que I’ error Sgui menyspresble.

Tant per mesurar la fiabilitaa dun métode com la intercanvidbilitat entre instruments de
mesura sovint les técniques edtaditiques acotumen a s les mateixes, diferenciant-se en d
matis de que en d primer cas es vol mesurar com concorda un ingrument amb el matex
mentre que en € segon cas es vol avauar com concorden diferents métodes de mesura
Aquestes tecniques es poden classificar, a gran trets, com a “agregades’ 0 “desagregades’, tot
depenent de com es du a terme I'avaluacio de la concordanca. Aixi, un procediment agregeat
vaora la concordanca globament mitjancant un index o coeficient, en canvi un procediment
desagregat es caracteritza per estudiar la concordanca valorant per separat cadascun dels
errors que es poden produir en mesurar.

Els procediments per a avduar la concordanca també varien en funcié de la naturdesa de les
dades i de I'escda de mesura, de forma que existeixen procediments diferents segons es tracti

de dades quditatives o quantitatives.
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Concordanga amb dades qualitatives

El coeficient més popular per a mesurar la concordanca entre metodes de mesura en una
exda quditativa és € codficient kappa (Cohen, 1960). Per descriure aquest coeficient
suposem que dos insruments, A i B, mesuren a una sie dindividus una caracteristica
quditativa en escda nomind, per exemple “Normd” i “Patologic’. Definim pjj com la
probabilitat de que quan I'avduador A mesura i, 'avduador B mesuri j. El coeficient kappa
es defineix com

[¢] [¢}
_ a Pii - a P..P.;
k= o
1- a_ pi+p+i

on pi+ i p+ representen les probabilitats marginas de cada avaluador. Aquest index compara
la probabilitat total de concordanca respecte |’ esperada per atzar, i es reescala de forma que
un vaor d1 implica concordanca perfecta mentre que un vaor de O dgnifica que ds
avduadors mesuren de forma independent. Aquest index representa una mesura agregada
donat que vaorala concordanca entre aval uadors mitjancant un Unic vaor.

Shan reditzat dtres versons dd coeficient kappa (Bloch and Kraemer, 1989), perd una
menci0 especiad es mereix la verdd per a vaiables ordinds. Quan la caracteridica es
mesurada en una excda ordind la discordanga entre les categories no té la mateixa
importancia, és a dir, hi ha un gradacio de la discordanca. Aquesta heterogeneitat de la
importancia de la discordanca es recollida pel coeficient kappa mitjancant pesos, sent conegut
e codficient com a weighted kappa. Aquests pesos es troben relacionats amb la distancia
entre les categories.

Una caracterigtica del coeficient kappa és la seva dependencia de la prevaenca de cada
categoria, de forma que un mateix procediment de diagnostic pot donar coeficients kappa
diferents depenent de a quina poblacié sigui aplicat. Alguns autors qudifiquen aguesta
caracteristica com un inconvenient, perd també es pot entendre com que € coeficient kappa, i
la mgoria dels procediments agregats, depenen fortament de la poblacid mesurada. Per tant
Shauria de recomanar que un estudi de concordanca no es limiti tan sols d cacul d'un index
sSno que també vagi acompanyat de les caracteristiques de la poblacio d’ estudi.

Per a mesurar la concordanca desagregadament Agresti (1992) proposa diferenciar entre ds
conceptes de diferenciacio de les categories i absencia de biaix. La capacitat de diferenciar
entre categories es mesura mitjancant la forca de I'associacio entre ds avauadors, per tant es
troba relacionat amb € concepte de precisd. La forca de I'associacio es pot mesurar

mitjancant I'odds concordanga/discordanca, p, = p,p,/p,p, ., € coficient de correacio de
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Pearson (Shoukri, 1998) o amb aguna mesura derivada de I’ estadistic ¢ de Pearson com €

coeficient de contingéncia Pd que fa a I'absencia de biaix, aguest es ddna quan les
distribucions marginds de cada avaduador son diferents, p,, * p,, . La manca de biax eda
relacionat amb € concepte d' exactitud entre avauadors.

Procediments desagregats mes sofidticats son aquells basats en la modelitzacid dels patrons de
concordanca (Agresti, 1992) mitjancant models log-lineds i modes de variables latents.
Aquests Ultims son especidment Utils per a mesurar la fiabilitat d'un metode de mesura donat
que modelitzen directament larelacié entre la resposta observadai la vertadera resposta.

Un dtre tipus de concordanca amb variables ordinds és la coneguda com *“concordanca
monotonica’. Aquest tipus de concordanca es dona quan € nombre de nivels de I'escda de
mesura coincideix amb € nombre de subjectes que han de ser mesurats, de forma que ds
avduadors assgnen un vdor ordind a cada individu, palant-se en aguests cas de
concordanca entre rangs. L’estadistic més utilitzat en aquests tipus de concordanca és la t de

Kenddl i lag de Goodman i Kruska (Dunn, 1989).

Concordanga amb dades quantitatives

La técnica estadistica per mesurar la concordanca entre varigbles quantitatives més utilitzada
és d coeficient de correlacio intraclasse. L’origen d' aquest coeficient es remunta d segle XIX
quan Sir Francis Gdton (1887) introdui € terme de regressié per a definir la rdacié de les
mesures entre individus de la mateixa familia (pares i fills, germans, etc.). Gdton va definir €
coeficient de corrdacié intraclasse com la correlacio de tots €s parels de germans possibles.
Pearson (1896) va proposar I estimador basat en € producte de moments de la mostra, pero va
s Fisher (1925) qui proposa I'estimador del coeficient de corrdacio intraclasse utilitzant es
components de la variancia, definint-se @ coeficient com la ratio entre la varigbilitat entre
clusters sobre la variabilitat tota. Aix0 fa que I'expressido dd coeficient de corrdacio
intraclasse tingui una gran dependéncia sobre @ disseny de recollida de les dades i  model
de mesura subjacent que Sassumeix que les genera Per tant, € coeficient de corrdacio
intraclase no tindra la mateixa expressd per a mesurar la fiabilitat d'un métode de mesura
que S d que es destja es avduar la concordanca entre instruments de mesura. El coeficient de
correlacio intraclasse pren vaors entre 0 i 1, on un vaor de 0 implica que no hi ha variabilitat
entre individus i per tant tota la varigbilitat de les dades prové de la variabilitat intra-individu.
En cawi un vdor d'1 dgnifica que tota la varigbilitat de les dades és deguda a la variabilitat

entreindividus, ésadir, d fet que dsindividus son diferents.
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Un dtre procediment agregat que en es darrers anys ha guanyat popularitat és € coeficient de
concordanca definit per Lin (1989). Aquest coeficient es basa en la desviacid quadratica
mitjana entre els métodes, E[(Yl - YZ)ZJ, en que Y i Yz representen € vector de mesures de
cadametode. Lin defineix @ coeficient com

2s

- 12

r =1- E|(Y1 B Y2)2

C

E[(Yl- Y, 1Y..Y, nocovarien] sZ+s2+(m-m)
enquém ,m, sZ, s3i s,,50nlesmitjanes, variancesi covarianga dels metodes de mesura.
A Tligud que d coeficient de corrdacid intraclasse, € coeficient de concordanca és un
procediment agregat depenent de la variabilitat entre individus (covarianca entre métodes de
mesura). Aquest fet ha edtat criticat (Atkinson and Neville, 1997) ja que aguests coeficients
poden variar sgnificativament segons @ rang de vaors consderat de la variable en estudi. En
reditat agquest fet és amilar a la rdlacié entre d codficient kappa i la prevdenca dels nivels de
la variable quditativa. Per tant I'investigador no hauria de basar I'avaluacio de la concordanca
Unicament en @ cacul d'un coeficient N6 que aguest hauria acompanyat d'informacié sobre
lapoblacio en laqua s estareditzant I’ assaig de concordanca
Lin (1989) també expressa d coeficient de concordanca en funcié dd coeficient de correlacio
de Pearson entre Y1 i Y,, de forma que I'andis de concordanca es pot fer de forma
desagregada.  El  coeficient de corrdacié mesuraria la manca de precisé i la resta de
I’expressid es podria utilitzar com un indicador de la manca d’ exactitud.
La metodologia desagregada més utilitzada en relacio amb dades quantitatives son s modd
factorids confirmatoris i €s modds d'equacié edtructurd (Dunn, 1989). Aquests models
intenten estimar € model de mesura subjacent relacionant les mesures observades amb les
vaiables latents 0 no observables que representen les verdaderes mesures. Aquests models
permeten obtenir tant estimacions del biaix sseméatic com de la variabilitat dels errors de
mesura. L’'andis factorid confirmatori sutilitza per a edudiar la figbilitat d'un metode,
mentre que d modd d'equacio estructura es Util per a avduar la concordanca entre diferents
métodes de mesura.
Altres procediments per a variables continues han edtat definits, entre els quals es pot trobar
metodes més exploratoris com € proposat per Bland i Altman (1986), o d'dtres basats en
esimar entre quin valorsde D =Y, - Y, es troba un cert percentatge de la poblacid. Aquests

darrers procediments son coneguts com a probability-based, entre els quals es pot destacar la
utilitzacié d'intervals de tolerancia (Esinhart and Chinchilli, 1994) i d total deviation index
(Lin, 2000).
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Objectiu i estructuradelates

L’objectiu d’aquesta tes doctoral es centra en I'estudi dels procediments de concordanca per
vaiables quantitatives i la seva aplicacié en problemes biomedics concrets. Aixi, € capitol 1
inclou un aticle on es recull dguns dels procediments mencionats per mesurar concordanca.
L’'objectiu de I'aticle és que d professond de la medicina s apercebi de la importancia de
tenir mesures fidbles i les implicacions que pot tenir la intercanviabilitat entre métodes de
mesura que no concorden. El cepitol 2 estad composat per dos articles, en d primer €
coeficient de correlacio intraclasse i @ coeficient de concordanca son comparats, demostrant-
se que tots dos son dues expressons diferents dd mateix index. En € segon aticle d agquest
cgpitol Sestudia I'estimacio del coeficient de corrdacio intraclasse quan la variable resposta
és un recompte. El capitol 3 inclou dos articles on Sassga la utilitat dels models d equacio
edructurd en l'avduacid d'una qlestié biomedica com és la hioequivadencia individud.
Findment, en d capitol 4 es troben les principas conclusions derivades dels resultats de la
tes.
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M étodos estadisticos para evaluar concordancia entre medidas

Josep Lluis Carrasco y Lluis Jover

Bioestadistica. Departament de Salut Pdblica. Universitat de Barcelona
Casanova, 143 08036 Barcelona

Resumen

La fiabilidad y la concordancia de los insrumentos de medida es un aspecto fundamenta en
las Ciencias de la Salud y que no sempre se tiene presente. En este documento se destacan las
implicaciones que puede tener € uso de indrumentos sujetos a eror y € intercambio de
indrumentos de medida cuyas mediciones no concuerdan. Estas implicaciones son ilustradas
mediante gemplos en los que se pone de manifiesto d efecto confusor que puede producir €
error de medida

A lo largo dd documento se proponen diversos procedimientos para evaluar la concordancia e
identificar las fuentes de error. Estos procedimientos son clasficados segin la naturdeza de
los datos, cuditativos o cuantitativos, asi como en € modo en que se evala la concordancia,
de una forma agregada mediante un vaor o desagregadamente andizando por separado las
fuentes de error.

Mediante estos procedimientos se pone de manifiesto que técnicas que frecuentemente son
utilizadas para evduar concordancia como la comparacion de medias, € codficiente de
correlacion o € model o de regresion resultan insuficientes o incorrectas.

Palabras Claves: Concordancia, error de medida, fiabilidad.

I ntroduccién

Gaantizar la cdidad de los procedimientos de medida es un aspecto fundamenta en la
investigacion biomédica y, en generd, en la préctica clinica Aunque todo @ mundo
responderia afirmativamente, al menos eso nos gudta creer, a la pregunta de s la calidad de
los datos es un aspecto que debe sempre ser consderado, en redidad es muy comdn asumir
que los procedimientos de medida funcionan razonablemente bien (aguien se debe edar
ocupando de €lo) y, por tanto, no hay de que preocuparse. En ambitos regulados como es €
caso de los ensayos clinicos para @ desarrollo de farmacos, la calidad de los datos en generd,
y la de los procedimientos de medida en particular, recibe la merecida atencion tanto por

razones éticas como de eficiencia.
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También en la préctica médica la cdidad de las medidas es un aspecto basico para conseguir
un sstema de sdud eficiente. Cuando un médico establece d diagnéstico de un paciente
basdndose en € resultado obtenido nediante un instrumento de medida, deberia estar seguro
de que € error de medida es razonablemente pequefio. Las medidas pueden obtenerse a través
de agun instrumento cuyos resultados ayuden a profesonad en la toma de decisiones (como
los resultados andliticos), o mediante observacion directa dd paciente y evauacion subjetiva
por parte dd médico (como la puntuacion APGAR). Por lo tanto, un méodo de medida puede
Ser tanto un instrumento como un evauador, o incluso la combinacion de ambos.

Hablar de calidad de los procedimientos de medida equivae a referirse a la magnitud de los
errores de medida inherentes d procedimiento, entendiéndose que a mayor cdidad de medida
menor magnitud de los errores y viceversa. Smplificando, podemos afirmar que existen dos
tipos de error de medida: error sstemético y error adeatorio. El error sstemético es aquel que
s presenta sempre de la misma forma, “ssteméaticamente’. Por gemplo, S cinco personas
cuyos pesos reales son 49, 63, 78, 81 y 94 Kg se pesan con una béscula obteniendo las
lecturas 51, 65, 80, 83 y 96 Kg, la bascula edtaria afectada de error sstemético. En este caso
se trataria de un error sstemdico congtante de +2 Kg. En otros casos, € eror sistemético
puede ser proporcional a valor rea (por gemplo, errores de +1%, en cuyo caso € valor
observado = vaor red x 1,01) y también es posble que se den ambos tipos, congtante y
proporciona, smultaneamente (por gemplo, vaor observado = vaor red x 1,01 + 2). A
diferencia de lo que ocurre con los erores Sstemdicos, los errores aeatorios son
impredecibles. Aunque a larga puedan seguir un patron conocido, no es posible predecir en
qué medida (ni en qué sentido) ocurriran en una observacion concreta.

La presencia de eror en las medidas provoca numerosos problemas', entre los que cabe
destacar los errores de cladficacion y la atenuacion de las asociaciones. Veamos un gemplo
para ilustrar estos dos problemas. El estudio de las caracteristicas de las pruebas diagnésticas
es un teritorio en d que la importancia de los errores de clasficacion es especiamente
manifieta. Lo que habituamente denominamos error de una prueba diagndgtica no es més
gue un caso paticular de error de medida d edtado red de sujeto, tiene o no tiene la
patologia sospechada, es la caracteristica que deseamos conocer (medir) y la prueba
diagndgtica es € procedimiento de medida que vamos a utilizar. El resultado que obtenemos
de aplicar esta prueba diagndstica es la medida del estado red dd sujeto. Imaginemos que, en
un conjunto de 1000 individuos se valora la presencia de cierta patologia mediante una prueba
diagnéstica cuyo resultado es dicotomico (Positivo o Negativo) y que 100 de estos individuos
tienen realmente la paologia y los 900 restantes estan libres de ela Por Ultimo, supongamos

10
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que, como es habitud, d método de diagnostico esta sujeto a error y que la tasa de fasos
negativos es dd 10% y la de fasos postivos es de 20%. Td como e ilustra en la tabla |, esto
supondria que, de los 100 individuos patologicos, 10 serian clasificados incorrectamente
como no patolégicos, mientras que de los 900 no peatolégicos, 180 serian considerados
patologicos. Por lo tanto, utilizando € resultado de la prueba diagndstica como medida del
estado redl, se consideraria que e nimero de sujetos patol 6gicos es de 270 en lugar de 100.
Veamos ahora un gemplo donde €@ error de medida, en este caso error de diagndstico o
clagficacion, induce una atenuacion en la asociacion con otra variable. Deseamos estudiar la
asociecion ertre la Patologia y un cierto factor de riesgo. Supongamos ahora que la
proporcion de enfermos que presentan € factor de riesgo es dd 20% mientras que eta
proporcion es de solo € 5% en @ grupo no patolégico. De igud modo que en € gemplo
anterior, asumiremos que las proporciones s cumplen perfectamente. En primer lugar
edimaremos la asociacion utilizando una prueba diagndgtica libre de error y posteriormente
utilizando la prueba diagndgica con eror de cdadficacion, comparando los resultados
obtenidos en ambas dtuaciones. S se utiliza una prueba libre de eror para cladficar a los
individuos se observaran 100 individuos con la patologia y 900 libre de éla S a este nimero
de individuos se les gplican las proporciones relacionadas con € factor de riesgo se obtendran
las frecuencias representadas en la Tabla Il. La asociacion entre la Patologia y € factor de
resgo s medira mediante € odds ratioob que toma un vdor de
OR = (20" 855)/(45" 80)=4,75.

Hacemos notar a lector que en edta tabla esta implicito € hecho de que estamos midiendo dos
vaiables. patologia y factor de riesgo. Para smplificar é gemplo asumiremos que € factor

de riesgo es una caracteristica que podemos medir sin error.

Tabla |. Ejemplo de tabla de contingencia entre una Tabla II. Ejemplo de tabla de contingencia entre una
patologia y una prueba diagndstica. La patologia debe patologia y un factor de riesgo. La patologia es medida
entenderse con e valor real del atributo que se desea mediante un instrumento libre de error.
medir, mientras que la prueba es el valor observado a Patologia
aplicar un determinado método de medida
] S No
Patologia —
Factor de Positivo 20 45 65
Si No ) .
riesgo  Negativo 80 855 935
Positiva 0 180 270
Prueba 100 900 1000

Negativa 10 720 730
100 900 | 1000

11
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Ahora repitamos € gemplo utilizando la prueba diagnostica con error de clasficacion. De los
270 individuos dd grupo patologico 90 tienen redmente la enfermedad mientras que 180
estan libre de ela (Tabla I). De esos 90 un 20% presentardn € factor de riesgo, es decir, 18.
En cambio, de los 180 $lo un 5% tendran € factor de riesgo, lo que representa 9 individuos.
Esto supone que de los 270 individuos clasficados como patologicos un total de 18+9 =27
presentan € factor de riesgo. ¢Qué ocurre con los 730 individuos clasificados como no
patol6gicos? De éstos, 10 tienen la enfermedad mientras que 720 no (Tabla I). De los 10 un
20% presentaran € factor de riesgo, es decir, 2 individuos. De los restantes 720 un 5%
tendran € factor de riesgo, lo que supone 36 sujetos. De este modo, en € grupo de los
clasficados como no patolégicos un tota de 2+ 36 =38 individuos presentaran € factor de
riesgo. Este proceso se resume en la Tabla Ill. Ahora & odds ratio toma un vaor de
OR=(27" 692)/(38" 243 =202 , goroximadamente la mitad del valor obtenido anteriormente,

lo que sgnifica que se ha producido una consderable aenuacion de la verdadera asociacion,

subestimacion enteramente provocada por  error de medida de la prueba diagndstica
Tabla IIl. Ejemplo de tabla de contingencia entre una
patologia y un factor de riesgo. La patologia es medida
mediante un instrumento con error
Patologia
S No
Positivo 27 33 65
Negativo 243 692 935

210 730 1000

Factor deriesgo

De los resultados mostrados en estos gjemplos se deduce la necesidad de valorar la calidad de
cudquier méodo o procedimiento de medida que utilicemos Evaduar la cdidad de
procedimiento o insrumento de medida conlleva andizar comparativamente nuestra serie de
mediciones con otra(s), &s cuaes pueden ser de digtinto origen y caracteristicas dependiendo

de los objetivos planteados en la vaoracion, tal y como seresume en latablalV .

TablalV. Clasificacion de estudios para laevaluacion de la calidad de los procedimientos de medida.

OBJETIVOSBASICOSDE LA EVALUACION SERIESUTILIZADAS DENOMINACION
PARA LA COMPARACION DEL ESTUDIO
-evaluar independencia de los errores Valores obtenidos con €l Fiabilidad
-estimar lamagnitud del error aleatorio mismo procedimiento o Repetibilidad
instrumento de medida
- decidir si uninstrumento puede reemplazar aotro Valores obtenidos con un| Concordancia
- evaluar si ambos instrumentos son intercambiables | procedimiento o instrumento
(no hay ninguna diferenciaen utilizar uno u otro) de medida alternativo
-cuantificar €l error de medida Valores reales de la variable | Calibracion
-estimar los pardmetros que han de permitir corregir | o atributo
¢l error de medida (p.€j. obtenidos mediante un
método de referencia)

12
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Cuaquier comparacion entre dos (0 més) series de mediciones es susceptible de ser evauada
en términos de concordancia entre las series, esto es, verificar § ambas series concuerdan (son
idénticas), 0 no, y en que grado, aunque & uso de esta denominacion indica habituamente que
$ edan andizando comparativamente dos ingrumentos de medida digintos. En cuaquier
caso, parece obvio que cuanto menor sea € error de medida en ambas series mayor seré la
concordancia, y viceversa. En € caso extremo y poco redista de dos series Sin error de
medida, su concordancia sera forzosamente perfecta

Retomando d esquema de la tabla IV, los estudios de Fiabilidad o Repetibilidad intentan
evduar cdmo concuerdan las medidas obtenidas por un Unico méodo o instrumento, utilizado
de forma repetida Por gemplo, podriamos utilizar varias veces un mismo andizador
automético para contar € numero de CD4, procesando dicuotas de la misma muestra de
sangre, 0 podriamos pedir a un mismo medico que evauase una misma imagen en vaias
ocasiones. En estos casos, € aspecto que se edtaria evaluando es @ error de medida de
méodo mediante € estudio de la concordancia intraaméodo, de forma que s las medidas
tomadas con € mismo método concuerdan se puede declarar d método libre de error deatorio
cdifichdolo de “repetible’. En los denominados estudios de Concordancia, se verifica como
concuerdan las medidas obtenidas por € método cuya calidad se desea vdorar, con las
obtenidas por otro méodo. Por gemplo, podriamos utilizar dos andizadores autométicos
digtintos para contar € nimero de CD4 de una muestra, 0 podriamos pedir a dos clinicos que
vaorasen una misma imagen. En estos casos edtariamos evauando la concordancia entre
meétodos de medida, con @ objetivo de determinar s los dos métodos son intercambiables, de
forma que sea indiferente utilizar uno u otro. Por Ultimo, la cdibracion de un méodo de
medida es un caso particular de concordancia entre métodos. Este ensayo e rediza cuando se
comparan un procedimiento de medida con los vaores redes de los sujetos. De hecho, €
vaor red es imposhle de determinar y en estos ensayos se comparan dos métodos de medida,
sendo uno de dlos utilizado como méodo de referencia o patron (gold standard) para lo que
se asume que edta libre de error de medida En este caso, la comparacion del méodo en
edudio con d paron permite estimar los posbles errores, ssteméticos y destorio, de
primero. Una vez estimados, cuaquier lectura futura obtenida con € méodo en estudio puede
corregirse y quedar exenta de error sstemédtico. Este gercicio se conoce como cdibracion de
un méodo de medida. Lamentablemente, la naturaleza impredecible de los errores aeatorios
hace que sea imposible corregirlos, tal como se hace con los errores sstematicos. Puesto que
los errores sieméticos tienen arreglo (caibrando) y los aeatorios no, ambos tipos de error no

son iguamente temibles,
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En cudquier caso, la presencia de errores en las medidas es la responsable de que no exista
concordancia perfecta entre digintos insrumentos o procedimientos de medida. De hecho,
cuanto mas error, menos concordancia y viceversa. Asi, estudiar la concordancia es una
manera de evduar € error de medida y por €lo nos centraremos en ofrecer a lector una
panoramica de los méodos més habituales para d estudio de lamisma

En genead, las técnicas para evauar concordancia se pueden clasficar entre agregadas y
desagregadas. Los procedimientos desagregados evaUan las distintas componentes de la fdta
de concordancia por separado, mientras los procedimientos agregados vaoran la fata de
concordancia en globd, sin diginguir entre error sseméico y eror deatorio. Una medida
agregada sera (til para una evaluacion rgpida dd grado de concordancia Sin entrar en las
fuentes de eror que causan la fdta de concordancia En cambio, un andiss desagregado
andizara mas detalladamente las posibles fuentes de error.

Las técnicas utilizadas también variardn segin la naturadeza de las variables, dependiendo de

9 las medidas corresponden a una escala de medida cuditativa o cuantitativa.

Concordancia entrevariables cualitativas

Supongamos que un meédico rediza habituamente una dasficacion diagndgtica (positivo o
negativo) basandose en su particular goreciacion de las caracteriticas de una imagen
radiologica. Independientemente de como llega a redizar la vaoracion,  méodo de medida
es @ propio médico que edtaria redizando medidas en escda nomina (dicotomica). En esta
Stuacion podria ser interesante vaorar tanto d error de medida de médico (concordancia
intraaméodo) como la discrepancia  en e diagndgtico en reacién con otro profesiond
(concordancia entre méodos). En ambos casos € procedimiento sera similar, ya que la
primera sStuacion es equivdente a redizar una concordancia entre diferentes mediciones
efectuadas con un Unico méodo. Veamos la Stuacion en € caso de desear edimar la
concordancia entre dos métodos.

Los datos obtenidos de n pacientes pueden ser resumidos en una tabla de contingencia 2x2
(TablaV).

Tabla V. Tabla de contingencia referente a las mediciones

que redlizan dos evaluadores sobre una serie de

individuos.
Evaluador B
Positivo  Negativo
Positivo n n
Evaluador A " ©

N egaII \'{¢] N21 N22
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En principio parece l6gico que la concordancia sea evduada mediante la proporcidon de casos
en que los dos evaluadores coinciden, (n11 + nzz)/ n, pero se ha de tener en cuenta que parte de
esta coincidencia es exdusivamente atribuible a azar. Coher? dio la expresion de un indice de
concordancia corregido por e efecto dd azar y reescdado de forma que tomase un vaor

maximo de 1. Este indice es conocido como € coeficiente kappa y su expresion es

Kk = p11+p22 PPy PP
1- pl.p.l - pz. p.z

donde
pn:i, o, :E, o, = n, +ng, b, = N, + Ny, b= n, +n, = n22+n12.

n n n n n n
En caso de concordancia perfecta € coeficiente tomara € vaor 1, y s las vdoraciones de los
dos métodos de medida son independientes d coeficiente serd 0. Como puede observarse, €
coeficiente kappa es un procedimiento agregado, ya que mide la concordancia globamente,
sn diginguir entre los componentes de exactitud y precison.
S s desea evduar la concordancia de forma desagregada en error sisteméico y error
dedtorio d codficierte de correlacion® ha sido propuesto para medir la asociacion (error
aeatorio) entre los dos evaduadores. La expresion del coeficiente de corrdacion para la tabla

2X2 es

[ = P11P2 - P12P2
PP, PP,

donde un vaor de 1 indicarfa ausencia de error aestorio. También se ha propuesto® andizar d
eror ssemético entre los dos méodos mediante € edudio de la diferencia entre las
proporciones margindes, p,,pP,,P.;,P.,. Estas proporciones indican la probabilidad de
cada méodo de redizar un diagnégtico positivo 0 negativo, consderdndose que no existe
error sstemético entre evauadoress p, =p, Y P, =P.,. En @ caso de una tabla 2x2 estas
proporciones pueden compararse utilizando una prueba de McNemar® .

Se hademostrado® que e coeficiente kappa puede ser expresado como

K = 2r\PL PP 4P,

PP, *P.P,

donde puede observarse que S no existe error sstemético entre observadores, p, =p, VY
P, =p.,, € coeficiente kappa coincide con r, es decir, la Unica causa de discordancia es €

error deatorio.
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El coeficiente kappa puede ser generdizado para € caso en que la escda de medida tenga
més de 2 categorias. En td caso, la expreson dd coeficiente para una escada de medida

nomina de c categorias es

La escda de medida también puede ser ordina, por gemplo, una vaoracion de la evolucion
de un paciente en la escda “Empeora, Sigue igud, Megord’. En esta Stuacion, es 16gico
pensar que no debe vaorarse igual una discordancia “Sigue igud versus Meora’ que una
discordancia “Empeora versus Mgord’, ya que en este Ultimo caso la discordancia es més
grave. Con d objetivo de tener en cuenta esta gradacion de la discordancia se introdujo €
codficiente kappa ponderado®, de forma que se asignan distintos pesos a la discordancias de
acuerdo con la magnitud de las mismas. Por Ultimo, se ha demostrado que € codficiente
kappa tiene una gran dependencia de la prevaencia de la patologia o caracteristica que se esta
evauando, por ello se ha considerado que no es gpropiado comparar coeficientes kappa que

han sido cal culados en poblaciones con distinta prevalencia de la caracteristica en estudio’.

Ejemplo
Se aplican dos pruebas diagndgticas a un grupo de 51 pacientes alyos resultados se resumen
enlatabla V.

Tabla VI Ejemplo de tabla de contingencia referente a los
resultados de dos pruebas diagnosticas aplicadas a una serie de

individuos.
Prueba B
Positivo  Negativo
Positivo 19 16 35
Prueba A
Negativo 1 15 16
20 31 51
L as estimaciones de |as proporciones son
. 19 A 15 R 16 R 1
L= = =0.3725, p,, = = =0.2941, P, = = =0.3137, Pa = =1 =0.0196,
~ + ~ + ~ +
L= 19+16 _ 0.6863, , = 115 0.3137, L= 19+1_ 0.3922 y
o, =2*10 46078
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El coeficiente kappa resultante es

K= 0.3725+0.2941- 0.6863:0.3922 - 0.3137:0.6078 _ 0.3828

1- 0.6863:0.3922 - 0.3137:0.6078
y su intervalo de confianza es [0.1292 ; 0.6464]%. El vaor del coeficiente es bastante bgjo

indicando una concordancia débil entre las dos pruebas.

S s desea redizar un andiss desagregado, en primer lugar se cdcula € codficiente de
corrdacion
;= 0.3725:0.2941- 0.3137:0.0196 — 0.4565
/0.6863x0.3137 x0.3922>0.6078

e coeficiente de corrdacion indica una asociacion débil entre las dos pruebas. S se

comparan las proporciones margindes mediante un test de McNemar se rechaza la hipotesis
de homogeneidad (P<0.001), la prueba A tiende a dar mayor resultados postivos que la
prueba B. Por lo tanto, en este caso la discordancia se debe tanto a error sistemético como a

error aleatorio.

Concordancia entre variables cuantitativas

Supongamos que una caracterigica cuantitativa se mide mediante dos métodos, X e Y, en una
serie de N individuos. Una primera aproximacion exploratoria seria representar  gréficamente
los dos méodos mediante un diagrama de disperson, donde cada punto representa la parga
de medidas obtenida de cada individuo. S la concordancia fuera perfecta, todos los puntos se
Stuarian sobre la bisectriz (Y=X), td como se muestra en la Figura 1. En eda Stuacion es
fécil ver que la asignacion dd procedimiento X ad ge de abcisasy € de Y d ge de ordenadas
es absolutamente arbitrarias se obtendria la misma imagen gréfica en caso de invertir la
adgnacion de los ges. Observando este gréfico (Figura 1a) es facil intuir que una medida Uil
de discordancia podria basarse en la distancia de cada punto a la bisectriz. Se puede demostrar
gue la media de esas distancias es proporciond a la desviacidn cuadrdica media
DCM :ié (Xi - Yi)z. Esta medida puede expresayse en funcién de las medias y las
vaianzas de los resultados obtenidos con cada méodo y la correlacion entre ambos, de
siguiente modo:
DCM =(m - m f +(s, - s, +2(-r,)s,s,

donde m y m, representan las medias de cada método, s, y S, las desviaciones tipicas y

r ., € coeficiente de correlacion de Pearson.
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La concordancia sera perfecta cuando DCM=0, Stuacion que se dard 9 y s0lo S los tres
términos son igudes a cero. Ello implica que haya iguddad de medias (ausencia de error
sstemético congtante y proporciondl), m, =m,, igualdad de desviaciones tipicas (ausencia de
error sstemético proporciond), s, =S, , Yy que la correlacion sea perfecta (ausencia de error
deatorio), r,, =1. Llegados a este punto es facil darse cuenta de que la comparacion de
medias 0 @ cdculo del codficiente de corrdacion de Pearson son insuficientes para € estudio
de la concordancia La iguadad de medias tan sdlo garartiza que los dos méodos se
encuentran centrados en € mismo vaor, pero en ningln caso que todos sus vaores sean
igudes. Las figuras 1b y 1d representan Stuaciones en que hay iguaddad de medias pero los
vaores no concuerdan. Dl mismo modo un coeficiente de correlacion de 1 indica una
relacion lined perfecta, es decir, la relacion entre los dos métodos es una recta carente de
error deatorio, pero esta recta no tiene por qué ser la bisectriz (Figuras 1c y 1d) vy, por tanto,
una correlacion perfecta no es Ssndnimo de concordancia perfecta . Ademas la diferencia de
varianzes ha resultado ser también un componente de la concordancia, y por tanto debe

también ser evduado.

Figura 1. Ejemplos de gréficos de dispersion de las mediciones realizadas por dos instrumentos de medida
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Exigen diferentes procedimientos para evauar la concordancia entre medidas cuantitetivas.
Entre dlos hemos querido destacar en este aticulo @ Coficiente de Concordancia’ y d
méodo Bland-Altmar®, pero existen otros procedimientos ampliamente utilizados como
coeficiente de corrdacion intraclase’, estrechamente ligado d coeficiente de concordancia, y
e modelo de ecuacion estructurd'l. Este dltimo merece una mencién especid, ya que €s
habitua andizar la concordancia entre dos métodos mediante € guste de un moddo de
regreson smple Y =a +bX por d méodo de minimos cuadrados, basado en la suposicion
de que X edté libre de error. En generd, esta suposicion no es razonable, y los modeos de
ecuaciones edtructurales permiten obtener un modelo de relacion lined entre los dos métodos

sn necesdad de hacerla

Cosficiente de concordancia de Lin

Este codficiente se definié® reescalando la desviacion cuadrética media entre los méodos de
medida de forma que adoptase vdores entre -1 y 1. La expreson del coeficiente de
concordancia es
— 2>8

s; +si+(m -m)

donde s, representa la covarianza entre los dos métodos de medida. Este coeficiente toma €

r

C

vaor 1 en caso de concordancia perfecta, y @ vaor 0 en caso de independencia entre los dos

métodos. En teoria, este estadistico puede tomar también valores negetivos. Asi, r.o=-1

indicaria una discordancia perfecta entre los dos méodos, aunque esta Stuacion resulta
inverosimil en un problema red, puesto que los dos procedimientos X e Y pretenden medir la
misma caracterigtica.

El coeficiente de concordancia de Lin es una medida agregada ya que evalla la concordancia
globdmente, mediante un Unico vaor. Un andiss desagregado considiria en evauar por
separado ladiferenciade medias, la diferencia de varianzas'y € coeficiente de correlacion.

S s desea redizar dgun tipo de inferencia sobre este coeficiente, como la construccion de
intervalos de confianza o contrastar dgun tipo de hipdtess, hay que tener en cuenta que los
procedimientos derivados para este fin tienen como asuncion que tanto Y como X se
distribuyen segiin unaley Normal®.

El coeficiente de concordancia es una medida dependiente de la covarianza entre los métodos
y, d igud que en d cao dd indice kappa y la prevaencia, no deberia compararse

coeficientes de concordancia con covarianzas muy diferentes.
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Método Bland-Altman

10, 12, 13

Con este procedimiento desagregado , Se pretende determinar S dos métodos de medida
X e Y concuerdan lo suficiente para que puedan ser declarados como intercambiables. Para
dlo, s cdcula, para cada individuo, la diferencia entre las medidas obtenidas con los dos

métodos (D=X-Y). La media de estas diferencias (x,) representa € error sistemético
mientras que la varianza de edtas diferencias (sj) mide la digpersén dd error deatorio, es

decir, la imprecison. Se ha propuesto utilizar estas dos medidas para cdcular los limites de
concordancia del 95% como X, £2>s,. Edos limites nos informan entre que diferencias

oxtilan la mayor pate de las medidas tomadas con los dos métodos. Naturdmente,
corresponde d investigador vaorar 9§ edtas diferencias son suficientemente pequefias como
para considerar que los dos métodos sean intercambiables, o no.

Por otro lado, para que la media y la varianza de las diferencias sean estimaciones correctas
debemos asumir que son congtantes a o largo del rango de medidas, es decir, que la magnitud
de la medida no et asociada con un error mayor. Para comprobar esta suposicion se puede
congtruir un gréfico de dispersion, representando las diferencias (D) en € ge de ordenadas y
la media de |as dos medidas de cada individuo, (X +Y)/2 en e ge de abscisas. La media de
las medidas de los dos méodos puede entenderse como una gproximacion d vaor red ya que
se edaria atenuando € error de medida de los dos métodos, de este modo esta representacion
gréfica permite obsarvar 9 existe dgun tipo de reacion entre la diferencia de los dos métodos
respecto a la magnitud de la medida, es decir, s € error de medida es congtante a lo largo del
rango de vdores de la caracterigtica que se esta midiendo o, s por @ contrario, € eror se
incrementa  conforme aumenta € vaor red que s quiere medir. ASmismo es poshle
representar los limites de concordancia dd 95% pudiendo identificar los individuos més

discordantes.

Ejemplo

En la tabla VIl se muestran los vaores obtenidos por dos métodos de medida utilizados en 16
sujetos. En la figura 2a se representa las dos variables en un gréfico de dispersiéon. En esta
figura puede obsarvarse que las medidas no concuerdan, tanto por error Sstemético
(agjamiento de la bisectriz) como por error aeatorio (dispersion de los puntos).

TablaVII. Ejemplo de mediciones sobre una caracteristica cuantitativa realizadas por dos métodos de medida.

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

Método X

4200

3500

1900

4700

1600

3300

2400

2800

2100

2900

1800

1600

3700

2900

1700

Método Y

5100

5600

3100

6700

2700

5600

5000

3100

2100

3400

1600

1800

4700

3700

3100

2800
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El andiss paa evaduar la concordancia se redizara combinando tanto € coeficiente de
concordancia de Lin como € méodo de Bland y Altman, ya que los dos procedimientos
pueden utilizarse parddamente en d mismo andiss.

Para dlo, en necesario obtener las medias y las varianzas de cada método, la @varianza de
ambos, y la media y la desviacion tipica de las diferencias. En la tabla VIII se muestran estos
vaores.

Tabla VIII. Medias, varianzas y covarianza de las mediciones

realizadas por los dos métodos de mediday su diferencia.

Método Media Vaianza Covarianza
X 2643,75 1057292
1308042
Y 3756,25 2291958
D=Y-X 11125 733166,7

La etimacion dd coeficiente de concordancia es 0.5703 con un intervdo de confianza® de
[0.2892 ; 0.7609], indicando un bg o grado de concordancia.

Los limitess de concordancia de Bland-Altman son 11125- 2*.,/733166,7 =-600 vy

11125+ 2* /733166,7 = 2825. Estos se representan € gréfico de Bland-Altman de la Figura

2b, donde puede observarse que la diferencia entre los dos métodos tiene una tendencialined
postiva, edo es, la diferencia se incrementa con la magnitud de la medida Este hecho es
indicativo de un error sstemédtico proporcional que puede ser estimado mediante € cociente

de desviaciones tipicas s, /S, =+/2291958/1057292 =1.47 .

Este resultado e interpreta del siguiente modo: € méodo Y toma sSstemdicamente vaores
superiores d método X en una proporcion de 1,47. El coeficiente de correlacion es de 0.8402,
indicando un grado de corrdacion elevado. Por lo tanto la principd fuente de discordancia
entre los dos métodos es € error Sstemético.

Figura 2. Gréfico de dispersion y gréfico Diferencia versus Media relacionados con |os instrumentos de medida del
egiemplo
a) b)
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Discusion

La cdidad de las medidas es fundamentd en cuaquier ambito, pero adquiere un especid
interés en @ campo de las Ciencias de la Saud'*™® donde continuamente se toman
decisiones basadas en mediciones. Esto implica que € acierto en las decisones depende de la
cdidad de dichas mediciones. Es tentador dar por supuesto que los méodos de medida que
utilizamos son buenos y que los resultados que nos proporcionan son correctos y fidbles. S
una glucemia en ayunas es de 129 mg/d se diagnégtica d paciente como diabéico, pero
Jquién nos asegura que redlmente este paciente tiene tal concentracion de glucosa en sangre?
Es més, 9§ s repite la determinacion en otro laboratorio, ¢se obtendra € mismo resultado?
Estas preguntas sblo pueden responderse mediante ensayos de fiabilidad y concordancia de
las medidas.

La fdta de concordancia puede deberse a dos tipos de eror: sstemdico y/o destorio.
Mientras que € eror ssemético puede corregirse (por cdibracion), para disminuir € error
deatorio es necesario estudiar sus posibles causas e intentar controlar algunas de éelas en

nuevas versiones mas perfeccionadas del método o aparato de medida.
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EL COEFICIENT DE CONCORDANCA

I ntroduccié

En aguest capitol sanditzen dos procediments agregats per avauar la concordanca com son
e coeficient de concordanca (Lin, 1989) i € coeficient de corrdacio intraclasse (Fleiss,
1986). En d primer aticle que composa agquest capitol s dos coeficients son comparats,
aribant-se a la concdlusé de que sHn dues expressons d'un mateix index, les quas es
diferencien en d méode desimacié. Donat que € codficient de correacio intraclasse té
diferents expressons variant segons d mode de mesura subjacent, aguest fet porta a la
concluso de que € codficient de concordanca és un coeficient de correlacio intraclasse en
paticular, concretament aquell basat en un modd lined mixt on ds individus o clusters son
consderats un efecte deatori mentre que es métodes de mesura sOn un efecte fix, pero que
intervenen en d coeficient de corrdacié intraclasse mitjancant una suma de quadrats. Aquest
resultat és d que ha fet que d capitol es tituli “d Coeficient de Concordanca’ i no es
mencioni & coeficient de corrdacio intraclasse perque d mateix coeficient de concordanca ha
de ser interpretat com un coeficient de correlacio intraclasse.

En d segon aticle Sanditza € comportament del coeficient de concordanca quan les dades
son recomptes. En aguest sentit sha comparat € coeficient de concordanca estimat mitjancant
un modd linea generditzat mixt enfront de I'obtingut amb un modd lined mixt cassc tant
amb les dades originds com transformades per normalitzar-les.
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Estimating The Generalized Concor dance Correlation Coefficient

Through Variance Components

Josep L. Carrasco and L luis Jover
Bioestadistica, Departament de Sdut Piblica, Universitat de Barcelona.
Facultat de Medicina. Casanova, 143 08036 Barcelona, Spain

e-mail. carrasco@medicinaub.es

SUMMARY

The intraclass correlation coefficient (ICC) and the concordance correlation coefficient (CCC)
are two of the most popular measures of agreement for variables measured on a continuous
scale. Here we demondtrate that ICC and CCC are the same measure of agreement estimated
in two ways. variance components and moment method procedures. We propose to estimate
the CCC using variance components of a mixed effects modd instead of the common method
of moments. With the variance components gpproach the CCC can easly be extended to more
than two obsarvers and adjusted usng confounding covariates by incorporating them in the
mixed modd. A smulation study is carried out to compare the variance components gproach
with the moment method. The importance of adjusing by confounding covariaes is
illugtrated through a case example.

KEYWORDS. Agreement; Concordance correlation coefficient; Variance components,
Intraclass corrdation coefficient; Mixed effects model.
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1. Introduction

Agreement between continuous data measured from different measurement methods has
receved a grest ded of atention from the scientific community. The measurement methods
can be multiple systems, processes, machines or raters, but or the sake of smplicity we refer
to them as observers throughout the paper. A smple way to classfy the procedures which
measure agreement is to differentiate between aggregate and disaggregate approaches, where
a disaggregate approach evauates agreement for each component of the measurement mode
separately, for example, difference of means or error variances. An example of a disaggregate
procedure is the structural equation model (Cheng and Van Ness, 1999; Kelly, 1985).

On the other hand, an aggregate gpproach assesses agreement using a single measure as a
concordance magnitude. The intraclass correlation coefficient (Pearson, 1901) and the
concordance correlation coefficient (Lin, 1989) are two of the most popular aggregate
procedures used to measure agreement when data are on a continuous scale.

The intraclass corrdation coefficient (ICC) measures the amount of overdl data variance due
to between-subjects variability, while the concordance correation coefficient (CCC) was
defined by Lin (1989) based on the distance on the plane of each pair of data to the 45° line
through the origin. The CCC has components of precison and accuracy. The disaggregate
goproach can dso be evauated by assessng the precison and accuracy components
separately (Lin et a, 2002).

Since the ICC is defined using variance components, severd expressons of 1ICC can be found
(Bartko, 1966; Shrout and Heiss, 1979) depending on the measurement model chosen. The
ICC usudly comes from a 2-way andyss of variance where observers and subjects are
consdered as effects. But at the same time, this dependence of the ICC expresson on the
mesasurement modd causes some confuson. Thus, the ICC was criticized as a measure of
agreement among obsarvers for two reasons fird, it dlows duplicate readings to be
interchangeable (Lin, 1989; Barnhart and Williamson, 2001), that is, it cannot measure lack of
accuracy (difference of means) between observers measures, and second, it gives a negative
vaue when the pared readings are uncorrdated (Lin, 1989). We will argue that the ICC is a
vaid messure of agreement among observers and it can indeed teke into account the
difference of observer meansif it is suitably expressed.

The CCC is another, widely used agreement measure (Lin, 1992; Caderone and Turcotte,
1998; Rud et d., 1997; Singh and Jones, 2002) and it is interesting to note the differences and
amilarities between the coefficients. For the case of two observers, Nickerson (1997) found
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them practically identical, and Robieson (1999) found them to be asymptoticdly equivaent.
Furthermore, a CCC for more than two observers is required (Lin, 1989; King and Chinchilli,
2001; Barnhart, Haber and Song, 2002) and, moreover, the CCC needs to be adjusted by
confounding covariates (Barnhart and Williamson, 2001, King and Chinchilli, 2001). As a
result of the comparison between the CCC and ICC we will show that it is Smple to adjust the
CCC by covariates and obtain a CCC for more than two observers.

The paper is structured as follows: in gction 2, the ICC and CCC are defined and compared.
Section 3 contains the extenson of CCC to more than two observers, the covariate-adjusted
CCC, and some inference questions. In section 4, moment-method and variance components
procedures of CCC egtimation are compared through a smulation study. Section 5 shows a
case-example involving the agreement between a manud and an automaic blood pressure
device. In this example, the need for confounding covariate adjusment is illustrated through
the induson of sex, age and heart rate in the CCC egimation. Finaly, the discusson and

conclusons areincluded in section 6.

2. Comparison of CCC and ICC

2.1 Concordance Corrdation Coefficient

Lin (1989) defined the CCC for two observers assuming data was digtributed under a bivariate
normal distribution, therefore (Y,,Y,) ~MVN(W,S) where Y; and Y, ae the aray of

measurements of each observer, p = (m,m,) is the vector of the observer means and

a]2. S129

T, sis
IS the covariance matrix.
Lin based the CCC on the distance between Y; and Y in relation to the concordance point.
He used the expectation of the square difference, defining the CCC as
ey, - v, )} 255,

=1- = .
' E(Y,- Y,)’} when Y, and Y, are uncorrdlated s2+s2+(m - m,)

C

To build confidence intervas Lin (1989) suggests using the inverse hyperbolic tangent
transformation  or  Z-tranformation,  Z. =tanh *(r ) =0.5xn{(1+r . )/(1- r .}, which

improves the approximation to a Gaussan didtribution. The standard error expression of Z

was provided by Lin (1989, 2000), so the confidence interval estimation is made through the
confidenceinterval of Z , whichisbuilt using a standard normal distribution.

28



CAPITOL 2. EL COEFICIENT DE CONCORDANGA
2.2 Intraclass correlation coefficient
Suppose a continuous variable is measured m times from n subjects by k observers or judges.
The measurement model assumed is Y, =m+a, +b, +e, (Fleiss, 1986), where Yj is the Ith
mesesurement made on individud i by observer j with i=1,...,n, j=1,...k and I=1,...m, misthe
overdl mean, a; is the individud effect, b is the observer effect and g is the random error. It
is assumed that a, ~ N(O,sj) and e, ~ N(O,si) and the error term does not covary with any
other component of the measuremert modd.
The generd expression of ICC is r . =s2/s? (Fleiss, 1986), where s? is the variance of
Yij. Depending on the nature of the observer effect we will choose between two expressions
of ICC: r :si/(si +s!? +s§) if the observers are considered random and their effects
distributed under a norma distribution b, ~ N(O,sj), or Iy =s2/(s? +s?) if the observers
are conddered as fixed effect. It is obvious that r . takes into account the differences in
average among observerswhereas r ., failsto do so.
The obsarver effect is conddered as a random effect if agreement among a population of
observers is desired. In that case a random sample of observers is collected and 1 . is used
ingead of r .,, but following Shrout and Heiss (1979). “When the judge vaiance is
ignored, the correlaion index can be interpreted in terms of rater consstency rather than rater

agreement. Researchers of the rating process may choose between rcc and r cc2 on the basis

of which of these concepts they wish to measure” Therefore, to measure agreement among

observers r cc has to be used even if the observer effect is fixed. In this case the term sﬁ will
&

be a sum of squares s?=(k-1)'q b?, raher than a variance (Fleiss 1986), where
j=1

b, =m - mis the difference between the mean of observer | with respect to the overal meen

and k is the number of observers. The Z-transformation can be used to build a confidence
interval for ICC, dthough Fless and Shrout (1978) suggested an agpproach based on F-
distribution when the observers are assumed to be normally distributed.

2.3 How different are ICC and CCC ?

To compare the coefficients we will assume that a continuous characteristic has been
measured by k observers on n subjects, and one measurement by observer and subject is taken
(m=1). Assuming that observers are afixed effect, the following equdities are fulfilled
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where s? and m are the variance and mean of the measurements made by observer i, and s

Is the covariance between the measurements from observers i and j. Thus, the ICC can be
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which is exactly the same expresson as the overal concordance correlation coefficient for k
observers suggested in the works of Lin (1989), King and Chinchilli (2001) and Barnhart et
a. (2002). Hence, the concordance correation coefficient is the intraclass correation
coefficient when the observers are considered as a fixed effect.

This result implies that CCC can be edimated by variance components through a mixed
effects modd easly generaizable to more than two observers.

Although the concordance corrdation coefficient is no more than a particular intraclass
correlation coefficient, throughout the paper we will refer to it as concordance correlaion
coefficient.

3. Concordance correlation coefficient estimated by variance components

3.1 Esimation of the CCC for k observers

CCC could be edimated ether usng variance components estimation methods (Searle,
Casdla and McCulloch, 1992) or by estimating the variances, covariances and means of the

observer measurements following Lin (1989).

Suppose §7, Y, and S, are the unbiased estimators of s?, m and s respectively. If these

IJ
estimates are used to estimate the components of CCC and their expectations are taken, we
reach

k K-
O O O

1
E 7—5 =
g 1 i=1l j= |+1 ” k k 1 i=1 j= |+lS

k
O
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g ,0 18 ,
EeaS==ras
en = %] i=1

but following Heiss (1986)

Eg éék(i-V-)2%= ! ’gék(m m) +
=Tk k- D)

e -
where n is the number of subjects. Consequently, A A (Yi - YJ.)2 is a biased estimator of

i=1 j=i+l

6 3 . . .
aa (m - n])2 , and the unbiased estimator is

= i
SAm-vy- e g4 m. vy L8 dsesm).
=1 jo+1 _1 = .+1 =1 i
Obvioudy, this bias will be more or less important depending on the sample sze and on the
magnitude of the eror variance and will usudly be quite negligible, but the unbiased
estimator should be used:

fC: Kk k- k = k-1
k-Das+4 (V- v)- Kk

i=1 i=1 joi+1 n -1 =i

[

3.2 CCC adjusted by covariates
A focd point to estimate any covariance-based index is covariate adjustment, particularly the

covariagtes concerning subject effect. When an index based on variance components is
edimated, we condder tha variance of subject effect should only take into account the
vaiability of the anadysed measure by removing other inter-subject sources of variability
(i.e, sex or age) which increase the estimated betweensubjects variance. In order to achieve
this objective amethod allowing subject- covariance adjusment is required.

Some procedures have been suggested to make this adjusment. Barnhart and Williamson
(2001) proposed a covariate adjussment in CCC through generdized estimating equations, and
King and Chinchilli (2001) give the expression of a dratified CCC.

Because the edimation of CCC through variance components of a mixed modd has been
demongtrated by means of the ICC, the adjustment by subject-covariates can be easly made
by including these covariates in the modd.
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3.3 Inference about CCC

The CCC will be edimated using variance components of a mixed modd with subjects as
random effect and obsarvers as fixed effect. Although . follows an asymptotic norma

digribution (Lin, 1989), in order to build a (1-a)% confidence interva the inverse hyperbalic
tangent transformation Z, =tanh *(f .) = 0.5In{(1+f _)/(1- F.)} can be used to accdlerate
the convergence to a normd didribution. In this case, first the confidence interval of Z_ will

be esimated and then the hyperbolic tangent transformation will be gpplied to obtan a
confidence interva for r .

The standard error of ZC and . ae approximated using the Delta method (see Appendix),
then Var (f . ) expressioniis

(- r ) wvar(s?)+ [z {var(s:)+ var(s)+ 2covfs?,s2 }]- [2o{1- 1) foovfs? s )+ cov(s? 52 )]

(52 +si+sif

and
va(f.)
@re) o)
The expressons of the standard errors of variance components depend on the estimation
method. Usudly this method will be a likelihood-based method such as maximum likelihood

or restricted maximum likdihood. Then the variances and covariances of parameters will be

Var(Ac)»

approximated by the inverse of Fisher's information matrix except for the case of s? when

the observers are considered as a fixed effect. Here, the standard error can be approximated by
(See Appendix)

) 4 ' S [ <\ v Var(éi)
e oo 8 810 Y el W

For more details rdaing to methods of estimation for mixed effects models we address the
reader to Searle et a. (1992).
Fleiss and Shrout (1978) give the expresson of a confidence interva for ICC based on the
digtribution when the observers are consdered as a random effect. This gpproach can dso be
used to make inferences about CCC. The (1- a)% confidenceinterval will be provided by
ks +(1- F')5s? o < kxEs? +(F - 1)>s2
Flkos2+(k-1)s+kss? +s2 ¢ kos2+(k-1)s2+F(k>s2 +s?)

where F'and F. are the(l- a/2)% percentiles of an F distribution with (n-1n) and (n,n- 1)
degrees of freedom, respectively. Where
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(k' 1)><(n- 1)>{er|cc * +n>{1+(k' 1)xr|cc}' k>¢ICC]2
(n' 1)"1(2 >‘flzcc ><Fr2 +[n >{1+(k' 1)>f|cc}' k><f|c<:]2

and F, =1+ (n>§2/8?)

4. Smulation study

In order to compare the CCC edimated by the usud moment method against the variance
component method we caried out a smulation sudy. Firdly, we compared the two
edimaion methods in the mos common gtuation with two observers or measurement
methods smulating sixteen combinations of a bivariale normd digribution. We combined
severd vdues of differences of means, variances and correlaion generating various vaues of
CCC. From each stuation we collected 1000 random samples and estimated the CCC and its
gandard error usng both moment-method and variance components procedures. Sample sizes
of 20 and 60 subjects were conddered. Table 1 shows the values used to generate each
population as well asthe actud vaues of the CCC.

We compared the procedures in terms of accuracy and efficiency. The results are shown in
Table 2. In this order, it was caculated the mean of the estimates (column Mean of CCC

estimates), the mean square error, MSE = E{(f o - Actud r C)2}, the standard deviation of the

esimates (column SE of CCC) and the mean of the estimated standard errors  (column Mean
of SE). We dso andysed the empiric coverage of the confidence intervas. To build such
intervals we conddered the asymptotic norma didtribution of the CCC, the Z-transformation
aswdll as the procedure based on F-digtribution (Table 3).

In order to study the behaviour of the CCC edtimation using variance components in the case
of more than two observers we used some results from Barnhart et a. (2002). In a smulation
congdering four observers they esimated the CCC by Generdized Estimating Equations and
through the U-datistics gpproach proposed by King and Chinchilli (2001). The dStuations
conddered were  a  multivaiate  normal digribuion  with  vector  mesan
m=(0.0 02 04 06) ad a symmetric covariance marix with the eements of the

diagond equa to 1 and r in the off-diagona, where r indicates Pearson’s correlation
coefficient taking values of 0.9, 0.7 and 0.5. A thousand random samples were selected and
sample sizes of 25, 50 and 100 subjects were considered. The results obtained by Barnhart et
d. (2002) are attached to the results using the variance components (Table 4).

In the amulaion with two observers, we found a minimal bias in point estimation as wel as
in sandard error estimation. For point estimation, the bias grows when the value of the CCC
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decreases and the bias is systematicaly greater in moment-method (MM) than in variance
components (VC) confirming the bias of the MM estimator proposed by Lin (1989).

Both procedures give accurate estimates of the standard error with the exception of the MM
method when there is a difference of means and the corrdation is 0.99. In this case the MM
method fails and gives a standard error mean between 54.9% and 70.4% of the actud standard
error. Regarding the variability of the estimates (SE of CCC in table 2), the standard error of
the estimatesis systematically grester in the MM than the VVC gpproach.

The coverage of the confidence intervals is correct compared to nominal coverage but we
must highlight combinations 9 and 13, where the MM gpproach fals to achieve the desrable
coverage. This is linked to the fact that in these combinations the moment method
underestimates the standard error.

Despite the fact that the coverage is correct with the asymptotic approach, the Z-
transformation gives more accurate and steady coverage. The confidence intervas based on F
approximations work quite well when there is no difference of meas but when this
component of variance appears, the F-gpproximation overestimates the nomina coverage.

In the smulation with more than two observers, there is a bias in GEE and U-datistics This
may be atributable to the use of the CCC biased edtimator (section 2). Standard errors are
estimated with more precison in the variance components method, which improves coverage
of confidence intervasin most combinations Smulated.
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Table 1. Combinations of parameters simulated. m and
m, are the means and s2 and s2 are the variances of
observers 1 and 2 respectively. r  is Pearson’s
correlation  coefficient, re is the concordance

correlation coefficient.

Comb. m m, s? s? I Me

1 100 100 100 100 099 0.99
2 0.9 09
3 0.7 0.7
4 05 05
5 100 100 100 125 099 09839
6 09 08944
7 0.7  0.6957
8 05 0499
9 100 105 100 100 099 0.8800
10 09 0.8000
11 07 06222
© 05 04444
13 100 105 100 125 099 0.8855
14 09 0.8050
15 0.7 06261
16 05 04472

35



O] LR0L Lrol il AL Al Ll alal i sloln o [T Hebp Ul LOvE L LEPR 1 (1] a1

CAPITOL 2. EL COEFICIENT DE CONCORDANCA

#20°'T LE0°T T£91°0 90970 FO5T0 SI5T0 COLET 80 CET SHER 0 GCEF 0 LEFF D 07
BENT 0201 TIL00 EFLOD LEA0°0 LT TTLF TELF TGLD 0 ¥OC0 0 EFEUD 09 (3
LEED AT ALEL D EIETD ELETD BLEL D 6 0T Ly TaT T619°0 ETI9D EFED D 07

[ LEOT T+0D GLF0 0 BE0 D TEE0D TF ol BLCT EGGL 0 B6L T R 09 1
60610 TIo't ThLD'D ERLDD A0L0 D PLLOTD ££°00 070 TT6L°0 ERELD QENS0 0T

T00T FOL 0 ¥IE00 cI0 0 ETE0 0 ETE0 0 T ¥ TEas 0 ESE D L9830 i £l
Q06 () CEAN PEED'D O 20%0°0 B0ED 1 ET°LT 1£ 41 EBLED ALLE 0 L0230 114

T CTT LEG0 0 EDED 0 T160 0 TG00 TR EF e BOEF 0 BLEF O FFEF O 09 A
£+ 1901 9110 £097°0 SCTN 29510 #0THT 81 05T A0EF 0 SIEF 0 FHEF D g

DI EFOT TIL00 ¥CL00 TCL0 0 ETLOT ET TG *TE ALTo0 GF10 0 LITOD 09 1
6060 AL 80810 QEET' 0 GOET 0 FIETD LT HLT £0°8LT Lk090 TLGEC 0 LLTO0 0T

ETOT EI0T 20r0 0 GLF0 0 BGED 0 ¥00 P OT 9E 0T ECGL O TFEL D ET030 09 a1
G660 LFOT ECL0D DELOD ECLDD L0 oo 6e £0°T0 BTaL0 TGLLD ET0Z'0 07

6o0 1 CEO D ¥IE0 0 TELO O 2000 ETA] K TF F TLLE 0 TLiZ0 TOZE0 09 &
L6810 50 LGED'D TRED D P00 AFE0D L0 0f 40T T80 A0LE 0 10230 07

PO TFOT TGE0 0 CETT) BFE0 0 BFEDD EC 06 BE O L18¥ 0 LGLF 0 (T 09 g
T00T LO0'T ETLT'D [ TARY CTLTD ELT'D £ B0E ECBIE L6040 LTTF D TREF D 0T

E00T ETT] ¥EA0°0 12300 TEI0 0 ¥EO0D (AT ET LF E06T 0 LEET0 DEEDD) 09 i
£T0°1 STOT LEET'O CHETO SOET°0 ) £l 1 £1° 841 au1sT £189°0 #0000 EED0 0T

ECOT 0E0T GLE0 0 TLE00 TOE0 0 LOE0D YO L L QBRI 2LaE 0 650 09 )
a1l TIo'l AC0 () 20500 15500 19501 £EE £ ELLED LbiE 0 620 07

EFE oo T SF00 0 LE00 0 LE00 0 LEO T ] T LTan 0 aTan 0 ETRA 0 09 C
05E'T 2001 E00° 1) 20000 TLO0D ELO0'D acn g PTE6D 1261 EE6'D 07

L5610 686 0 66010 T660° 0 E0OT O TooT 0 T £0l T a1a¥ 0 BGLF O LFEE D i ¥
12670 0260 T1LT°0 QELT'D PRLTD TLLT'D POBTE & LTE TEAF 0 6100 LEEF D 0T

AT LIoT E0R0°0 20000 TCa0 0 T TG CF TEF Lol 0 #0000 E0TLD) 09 £
£00°'1 £10°1 g611°0 G110 CELT0 £0TT°0 £ EHT TECHT £E60°0 #2800 £0T4°0 07

BT T TEOT ¥CE00 LCE00 LFE00 GFE0 0 [ 61 0 PGS0 LBAE 0 FATTH] 09 T
EI01 0E0'1 G600 FIE0°D E6¥0°D B 1 T3+ CELE ETAE 0 E06S 0 CT06 D 07

LT LIOT aron o Bro0 0 AzO0 0 ATO0D AT Lo LGEE 0 AGEE6 0 660 09 1
AN EFTT $E00°0 ACO0 0 24000 R0 #T°0 A 16260 BRE6D 660 0T

o T s T TR T s TOT an T 00 Ty mls Aoy
(1) /0r) [TV S I0 g (00 ds LTSI SAESEY [17]7) 3O WEAR] Ay

£ ampadEaT pOQET ST D SRR A PR POV PELO 0 SR, PR W S A TS WO RIS £ 3TYEL

36



CAPITOL 2. EL COEFICIENT DE CONCORDANGA

Table 3. Percentage of cover of the confidence intervals. Column n shows the sample size. The
nominal coverage is 95%. The combinations simulated are shown in Table 1.

Moment Method Variance Components
Asymptoti
Comb n Cc Z-trans. Asymptotic Z-trans. F
1 20 94.8 96.2 945 96.2 97.1
60 9.1 9.1 9.1 95.9 9.5
2 20 915 93.7 9.7 938 A1
60 96.1 949 A1 95.0 95.5
3 20 913 9.9 89.9 .8 95.2
60 H1 9.9 929 95.6 95.8
4 20 918 A4 919 U7 95.2
60 932 939 93.1 938 1.0
5 20 9.1 95.5 98.3 98.3 93.8
60 9.8 .2 98.8 975 976
6 20 95.6 U7 919 A1 9.6
60 4.7 9.6 A7 9.8 94.8
7 20 93.8 9.5 929 95.4 9%.4
60 A4 %9 A4 9.1 954
8 20 932 A0 934 .2 95.5
60 95.6 95.7 95.8 95.8 %.1
9 20 74.6 76.1 A8 U5 9.8
60 788 780 9.2 U7 100.0
10 20 95.1 9.6 93.7 .2 9.8
60 95.2 96.1 9.6 954 100.0
1 20 939 1.0 92.6 93.8 98.6
60 u7 95.6 921 U5 9.9
12 20 92.8 95.8 924 95.2 97.8
60 954 95.2 U7 95.3 97.8
13 20 82.7 825 944 94.0 100.0
60 84.6 84.0 1 9.1 100.0
14 20 935 A4 929 93.6 9.3
60 96.1 96.1 96.1 9B.7 100.0
15 20 925 .3 915 93.8 97.7
60 U5 95.7 93.1 9.0 9.3
16 20 A4 9%.1 U7 95.6 97.3
60 A1 9%.4 93.7 95.8 9.1
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Table 4. Results of the simulations for more than two observers.

95% 95%
coverage  coverage

Truer Truerc Samplesze  Method Mean SD. Mean SE. (%) (%)
0.5 0.469 100 GEE 0.464 0.0517 0.0492 938
U-Stat 0.464 0.0517 0.0491 938

VC 0473 0.0477 0.0502 95.9 9.1
50 GEE 0.459 0.0702 0.0679 931
U-Stat 0.459 0.0702 0.0679 931

VC 0.465 0.0746 0.0709 26 937
25 GEE 0.449 0.1001 0.0906 895
U-Stat 0.449 0.1001 0.0904 894

VC 0.462 0.1003 0.1001 92.9 9.1
0.7 0.656 100 GEE 0.651 0.0410 0.0398 931
U-Stat 0.651 0.0410 0.0398 932

VC 0.659 0.0380 0.0398 94.8 95.3
50 GEE 0.646 0.0580 0.0549 23
U-Stat 0.646 0.0580 0.0550 R4

VC 0.652 0.0605 0.057 R6 9022
25 GEE 0.635 0.0841 0.0753 204
U-Stat 0.635 0.0841 0.0756 05

VC 0.646 0.0844 0.0815 93.6 93.8
09 0.844 100 GEE 0.840 0.0226 0.0211 924
U-Stat 0.840 0.0226 0.0216 R7

VC 0.844 0.0210 0.0211 95.0 955
50 GEE 0.836 0.0315 0.0300 939
U-Stat 0.836 0.0315 0.0307 94.2

VC 0.840 0.0339 0.0308 927 925
25 GEE 0.828 0.0498 0.0419 91.2
U-Stat 0.828 0.0498 0.0428 91.6

VC 0.837 0.0466 0.0449 94.0 94.0

"Using 7 +1.965SE(f )

" Using the Z -transformation

38



CAPITOL 2. EL COEFICIENT DE CONCORDANGA

5. Blood pressure devices data

The importance of adjusting the concordance correation coefficient (CCC) by subject-
covariaes is shown by way of an example In order to compare a handle mercury
gphygmomanometer device aganst an OM RONC 711 automatic device a sample of 384
subjects was collected in the area of Girona (Catadonia, Spain). Systolic and diastolic blood
pressure was Smultaneoudy measured twice by each indrument dthough we will only use
the systolic blood pressure in the example. Sex, age and heart rate of each subject were
measured as covariates. Sex was coded as O for maes and 1 for femaes, whereas age and
heart rate were taken as continuous variables.

Frd, we fit a mixed effects modd via REML with subjects as random effect and
measurement indruments as fixed effect. The resulting variance components are (Table 5)

§2 =380.187, §2=52.867 and §2 :{(- 2.174)2/2}- {52.867/(384%2)} = 2.295, giving a CCC
of r. =0.8733.

The asymptotic variance-covariance matrix of the betweensubjects, observers and eror
variance components is

a808.50 0.0016 -1.21529
a(a,b,e)=¢ 0.6510 - 0.0063-.
& 486 4
We edimate a 95% confidence interval for r_ usng the Z-trandformation. The resulting
confidence interval is [0.8531 ; 0.8908]. The CCC edimate indicates a high leve of
agreement between both instruments. Since (82 >>$7), the disagresment is principally due to
random error rather than inaccuracy.
Then we congder sex as a potentid confounding subject-covariate. Figure 1 shows a scatter
plot of the systolic pressure measures of each instrument ty sex. It seems that there is a shift
depending on sex: maes tend to have greater vaues than femaes Table 5 shows the estimate
for sex which is dgnificantly different from 0. If sex is incuded in the modd, the variance

~ A

components become §2 =363.024, §2=52.867 and S?=2.295 giving a CCC edimate of

f. =0.8681, which is dightly lower than the former CCC. Now, the asymptotic variance-
covariance matrix of the random effectsis

4145 00016 - 1.2154¢
é(a,b,e):g 0.6510 - 0.0063-.
& 486 4
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Only the variance of §2 is modified and becomes a more precise estimate. Now, the 95%
confidence interval for CCC is[0.8472 ; 0.8863].

Regarding the variance components estimates, betweenobservers and eror variances reman
the same and  betweensubjects variance decreases, which lowers CCC. This is the
consequence of controlling by confounding subject-covariates. The difference of means
between sexes increases the betweensubjects variance (i.e. the covariance between
ingruments, see Figure 1) and so the concordance is overestimated. This is a well-known
Issue concerning messures which depend on covariance (Atkinson and Neville, 1997) like
Pearson’s correlation coefficient.

Findly, we fit the modd usng the remaning covariates age and heart rate. The variance

~

components become §2 =221.391, §2=2295 and §2=52.867 and the CCC edtimate is
f . = 0.8005. The asymptotic variance-covariance matrix of the variance componentsis now

2289.99 0.0016 - 1.2140%
4(a,b, &) =¢ 0.6510 - 0.0063-.
& 486 4
The 95% confidence interva for the CCC is [0.7709 ; 0.8267]. Though the vaue of CCC is
dill indicating a good agreement between both procedures, the CCC adjusted by covariates is
quite lower than the former unadjusted CCC.

40



CAPITOL 2. EL COEFICIENT DE CONCORDANCA
Table & Estimates of the mixed models. The vaues of random effects are variances, whereas pcint

estimate and standard error (between brackets) are shown for fixed effects.

Effects Model 1 Model 2 Model 3
Individual 380.187 363.024 221.391
Random
Error 52.867 52.867 52.867
Intercept 133.369 137.713 84.864
(1.029) (1.427) (5.061)
I nstrument -2.174 -2.174 -2.174
(0.371) (0.371) (0.371)
] Sex -8.510 -9.496
Fixed
(1.980) (1.585)
Age 0.817
(0.057)
Heart Rate 0.1%4
(0.069)
Loglikelihood -5876.413 -5865.769 -5778.271

Figure 1. Scatter plot of systolic blood pressure measured using both measurement

instruments by sex. Instrument A is the automatic device whereas Instrument B is the

handle device.
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6. Discussion

In this aticle we have shown tha the intraclass corrdaion coefficient (ICC) is a useful
measure of agreement among observers if the suitable expresson of ICC is chosen. If the
observers are a fixed effect, the contribution of the variability of the observers means on the
ICC will be a sum of squares rather than a variance. If this source of variability is not
included in the ICC, we will be measuring consstency among observers instead of agreement
(Shrout and Fleiss,1979) where condstency means that we are only interested in studying the
lack of precison ignoring systematic differences among observers. On the other hand, the fact
that ICC could take a negative vaue is relaed to the estimation process used: if this process
dlows a negative between-subjects variance estimate then the ICC will be negative, but in
that case the covariance between observers would aso be negative as well asthe CCC.

The concordance correlation coefficient (CCC) was origindly introduced as a different index
from the ICC, but we have shown that the CCC is identicd to the ICC when the observers are
a fixed effect and agreement among observers is desired. How Lin (1989) reaches to the
expresson of CCC is more intuitive and easer to understand than ICC because the idea of
measuring departures  from the concordance line is very dtractive. One important
characterigtic of the CCC found by Lin (1989) is the decompostion of the CCC into
meaningful precison and accuracy components. This can dso be done using the variance
components approach through the observers and error variances. The observers variance
measures the lack of agreement due to inaccuracy wheress the error variance is reated to
precison. In the example the error variance was much greater than the observer variance, thus
the lack of agreement was mainly due to lack of precison.

Although conddering obsarvers as a fixed effect is the most common dtuation in an
agreement assay, esimating agreement in a population of observers or measurement methods
may be dedired; in this case, a random sample of observers should be collected and observers
should be congdered as a random effect. In this Stuation even if the point estimate of the
CCC was correct (correcting the bias), the standard error, as it was defined by Lin (1989,
2000), would not take into account the variability due to observer sampling.

We have seen that there are two ways to estimate the CCC: the method proposed by Lin
based on observers sample moments, and the other based on variance components. It has dso
been shown tha the moment method provides a biased edtimation of betweenobservers
variability, which produces a biased CCC. This bias can be seen by comparing the mean of
edimates in the smulation sudy, where the estimates based on variance components are
systematicaly closer to the true va ue than the moment method estimates.
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Through the smulation dudy it has been shown that the variance components estimation of
the CCC is a good approach, giving accurate point estimates as well as standard errors. The Z
trandformation is a useful gpproach to build confidence intervals which improves the
asymptotic convergence of the CCC to a norma digribution, while the method based on F
digribution seems to overestimate the nomina cover, especidly when there is a difference
between observer means. The poor performance of the method based on Fdigribution is due
to the fact that this method consders observers as a random effect, so this method should be
avoided if the observers are not arandom sample from alarger population.

Furthermore, estimating the CCC through variance components usng a mixed effects modd
alows the CCC to be easly extended for more than two observers and to be adjusted by
potentiad confounding subject-covariates. The rdevance of confounding subject-covariate
adjusment has been noted in the example. In generd, including confounding covariates will
reduce the range of the variable in sudy and therefore decrease the CCC edimate.
Conversdy, if the confounding covariates are not included in the modd, a higher agreement
than the rea agreement will be observed. The edimation of the variability between subjects,
or covariance between obsarvers, is a very important issue where a covariance-based index is
used. The researcher has to achieve an edimate representative of the true variability of the
measure between subjects, which implies knowledge of the population where the agreement is
used as well as the range of measurements where the agreement has to be measured (Lin and
Chinchilli, 1997).

Other procedures have been proposed to obtain a CCC adjusted by subject-covariates.
Barnhart and Williamson (2001) proposed three sets of generdized edtimation equations to
cdculae edimations and King and Chinchilli (2001) give the expression for an overal CCC
and a gratified CCC. Nevertheess, incorporating the subject-covariates in a mixed effects
models seems easier to implement and to understand.
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APPENDIX
To gpproximate the variance of . the Deta method is used. Given that the derivatives with

respectto r . =s? /(s? +s? +s?) are

ﬂrC: 1-r, ﬂrC:_ re fr. _ re
2 2 2 2 2 2 2 2 2 2 2 2
1Tsa\ Sa +sb+se 1-[Sb Sa+sb+se ﬂse Sa+sh+se

then

& 1 e Gee Me = 2 o2 & Me Gee Me hod 2 2
+2>§ 24524 22 2 +s2+ 2‘>C0V(Sasb)+2>§ 2452+ Zé 2+s82+ Z—COV(SQ'S")JF
S, tS, t+S, S, *tS, Seg S, *tS, *S, S S, Seg
& 1-r 03] o]
c : c = —
+2 2 4 g2 4g2 é- 2 4 g2 42 —COV(S Se ) -
Sa Sb Se Sa Sb Seg

(1- r ) war(s?)+[rz {var(s;) + var(s?) +2cov(s? s 2 }]- [21- r ) o Heovls?,s?) + covfs? s 2]
(51 +si+si)
If the Z-transformation is used, z=05log{(1+r.)/(l-r )}, the standard error can be

approximated in the same way, then

2720 5 Va (r C)

Val2)r e V) = e

The gandard errors of the variance components will depend on the method of estimation, but

when the observers were afixed effect the quantity s 2 will be asum of squares

S T o AR
> k- )i_lfl(m m)
) . 1 54 < S 2
a|matajby Sizm a(Yi- Yj)z' ns;n.
i=1 j=i+l

Thenthevariance of §? is provided by

Va(éi):mgé{(?- Y) >€\/ar(_ )} (Az)

=1 jmi+l n Xrn)
The covariance between §2 and the other variance components depends on method

edimation. If the modd is esimated via REML (Searle et d., 1992) the covariances are
provided by

1 . N T
k:HImZVar(se)andcov(sb,se)— n:rrVar(se).
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Estimacio del Coeficient de Concor danca amb dades de recompte

I ntroduccié

Els procediments utilitzats per mesurar la concordanca entre metodes de mesura (observadors,
ingruments de mesura, €fC.) que mesuren en una escaa quantitetiva sovint assumeixen que €
modd de mesura subjacent que genera les dades és lined, amb efectes additius i amb les
dedes digtribuides sota lleis normals. Aixi € coeficient de corrdacio intraclasse o @ coeficient
de variaci6 intra-individu assumeixen d seglient model de mesura (Feiss, 1986)
Y, =m+a, +bj +e;

on Yjj és la dada corresponent a I'individu i-éssm mesurat amb & méode j-éssm amb
i=1,...,n, j=1,...k; a; és I'efecte deatori individu amb a, ~N(0,s, ); b; és I'efecte del métode
de mesura, que tant pot ser fix com deatori depenent del disseny de les dades; finment g és

I error dlegtori que es distribueix sotaunanormd e, ~ N(0;s,).

Sota aquest modd € coeficient de corrdacio intraclase es defineix com € quocient entre la
covarianga entre les dades d'un mateix cluster o clase respecte la varianga margina de les
dades

Y,) s’

a

Var(Y”.) _sj+s§+s§

_ cov (Y

ij?

On sﬁ sa una vaianca s I'efecte métode és deatori, 0 una suma de quadras

k
:—kl 1& b? s ésfix (Shrout and Fleiss, 1979; Rousson et al, 2002). En aquest darrer cas
14

S
Sha demostrat (Carrasco and Jover, 2003) que € coeficient de corrdacio intraclasse que
S obté és|I’anomenat coeficient de concordanga (Lin, 1989).
Una dtra mesura utilitzada per avduar la concordanca entre métodes de mesura és €
coeficient de variaci6 intra-individu, que es defineix com
woy = ¥ ¥
m
Sota aquest modd de mesura, @ coeficient de corrdacio intraclasse és depenent de la
vaiabilitat entre individus (covariancia entre observadors), mentre que € coeficient de
variacié intra-individu és independent de la variabilitat entre individus perd és depenent de la

mitjana.
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La condgténcia de les edimacions des components de la variancia esta subjecta d
compliment de les assumpcions de lineditat | normditat dels efectes i de la homocedadticitat
de la vaidncia de I'eror, sobretot § Sutilitzen métodes dedimacio basas en la
vasemblanca de les dades, com aa la maxima versemblanca (ML) o la maxima
versemblanga redringida (REML). Quan aguestes assumpcions no es compleixen es
investigadors opten per tranformar les dades (Cunningham et al., 1997) o per utilitzar
procediments robustos d'estimacié de les variancies (Padmanabhan et al, 1997; King and
Chinchilli, 2001).
Aquesta Situacié és forga habitud quan es trebdla amb recomptes sense limit superior com
ara On ds recomptes de cd-lules, on les transformacions logaritme i arrel quadrada intenten
normditzar les dades. En principi, € desavantatge més notable de trandformar les dades és €
fet de no trebdlar amb I'escda origind, perd tant € coeficient de corrdacio intraclasse com €
coeficient de variacio intraindividu son adimensonds i no es veuen dectas per cawis
dexcada Per tant transformar sembla una bona solucié, perd sempre tenint en compte que
Seda ignorant € veritable procés de generacid de les dades. D’dtre banda € fet d utilitzar
mesures robustes acostuma a comportar I'diminacié o variacié de dades, un procediment
molt discutible S les dades extremes representen part del rang red de la variabilitat present en
la poblacié d'individus en estudi.
Una hipotes de trebal que sembla plausible en recomptes es consderar que la generacio de
les dades es produeix sota d seglient model de mesura:

Y, |a, ~ Poisson(m,), &, ~N(0,s,) i log(m,)=m+a, +b,.
Té sentit pensar que S aguest modd és cert, I'estimacié de les mesures de concordanca
derivades de I'estimacio de les components d'aquest model seran més consstents que
aquelles obtingudes mitjancant transformacions de les dades o procediments robustos.
L'objectiu d'aguest trebdl és definir aguestes mesures de concordanca en € cas de que ©
procés generador de les dades sigui una mixtura de Poisson i Normad, i edudiar €
comportament del's estimadors del coeficient de corrdlacio intraclasse.

M esur es de concor danca

Cosficient de correlaci6 intraclasse

Com ha estat mencionat abans, € coeficient de corrdacio intraclasse (CCl) es defineix com €
quocient entre la covarianca de les mesures duna maeix classe o cuder i la vaianca
margind de les dades. Per tant la corrdacio entre dues mesures preses a un mateix individu i

és
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3 cov(Yij,Y")
anb jt 1.
La covarianca i les variances que agpareixen en l'expressd dd CCl es refereixen a la
digtribucié margina de les dades, per tant es necessari definir-les.
S Y; és € vector de dades d’un individu I’ esperanca ve donada per
E(Y;)=E[Ely; |1a,]] = Elm;] = Elexp(m+a; +b; )|
Tot i que la mgoria de les vegades I’ efecte métode sera formament un efecte fix i per tant no
& | condderara un component de la variancia, per definir un CCl que mesuri concordanca
entre ingruments és convenient tenir en compte la variabilitat entre ingruments i consderar-
lo com un efecte deaori, b, ~ N(O,sb), independentment de com Sgui consdera en

J
proces desimacié (Carasco and Jover, 2003). Aixi, assumint que ds efectes individu i
ingtrument son independentsi digtribuits normament s arriba a (McCulloch and Searle, 2001)

& sZ+s20
E(Yi ) = exp(m)E[exp(ai + bj)] = exP(rr)Mu (ai + bj): eXpém"' 5 - T
4]
on My, éslafuncio generatriu de moments.
L’ expressio de lavarianca ve donada per
Var(v,)=Var(glY, |a,]) + Evar(Y, |, )] = Var(m)+ E(m) = .. = E[Y, ] ey, Jlri = - 1)+

i la covarianca per

cov(Y,,Y, ) = E[v, ] e - 1).
D’aguesta manera |'expressid dd coeficient de corrdacié intraclasse, quan s assumeix que la
digtribucié de les dades condicionada ds individus és Poisson, que I'efecte individu es
digribueix sota una Normd i que la funcié denllac entre la mitjana i les covariables és €
logaritme, és

ooy, v) o ElvPlet-g) eV et

S ova(y) e[y el et - 1)1y ey ]4et - 4]+

Per tant, d coeficient de corrdacio intraclasse és funcié de la variabilitat entre individus, de la

vaidbilitat entre metodes | de la mitjana de les dades, essent aquests els components de la
varianciaen agquest modd.
Cd fer esment de que encara que es transformin les dades i Sutilitzi I'expressd per dades

normas, la dependencia sobre la mitjana continuara estant implicita, donat que aguesta
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dependéncia prové de la relacié que hi ha entre la covariancia i variancia de les dades
originds amb lamitjana

A més a més, d fet de que d codficient de corrdacid intraclasse depengui de la mitjana
implica que la introduccié de quasevol variable confusora en € modd modificara la mitjana i
per tant actuard com una interaccio respecte € CCl, és a dir, sobtindra un CCl diferent per a
cada par6 de covariables. Aquest fet és ignorat quan es reditza I'andid sota un modd
norma, bé amb la variable origind o bé transformant-la

Cosficient de variacio intraindividu

El codficient de variacio intraindividu es definex com € quocient de la vaiabilitat intra-
individu expressada com a desviacio estandard respecte la mitjana global de les dades.
Aquesta varidbilitat en @ modd que sesta assumint és heterocedagtica donat que depén de la
mitjana de cada individu, és adir,

S
2

o N

QI-1-O:

ar(yi |ai):E[yi |ai]:e<p(m+ai +b, ) e(pgm"'a +

L’expressié del coeficient de variacid intra-individu €s

1/Variyilaii_@(pg 2 75

0
WCV = @ ‘- a,
E(y,) @ s'+sio  f 28 2 b
p

Com es pot observar  WCV variara d'individu a individu, fet totalment esperable S es té en
compte que € modd es heteroscedastic per definicio. A més a més, d WCV no tan sols és
depenent de la mitjana Sn6 que també depen de la varidbilitat entre individus, per tant la seva
principa virtut en € mode norma és perd sota € present modd. A I'igua que en € cas dd
CCl aguesta dependéncia continuara manifestant- se encara que es transformin les dades.

No obstant, aguesta mesura continua essent Util com a diagnostic de la concordancga, i pot
savir pa avduar quins individus sin es que concorden més o menys i detectar possibles
outliers.

Per sdvar € problema de tenir un WCV per a cada individu es podria consderar  WCV en
lamitjanade I efecteindividu, E(a, ) = 0, aleshores

AWCYV = e<p}- —ém+s +—
t
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Cd destacar que S en lloc dutilitzar € coeficient de variacio intrarindividu es fa savir

I"index d’ agregacio, les mesures que s obtenen son

expaem+a +S—b29
a2 Vvalyla)_ g e ZEze(p;a_Siu
E(y,) ® s +s:6 1 2}

i a b X

e<p§m+ > =

2

N 2 ..
i AAl Zexp|- ~2y
i2p

mesura que tan sols depen de la varigbilitat entre individus.

Estimacio
Soui f(Y |u) la funcié de densitat de les dades condicionada as efectes aeatoris, i f(u) la

funcio de dengitat dels efectes deatoris. La versemblanca de les dades ve donada per
L = ¢f (Y u)f (u)du
En d cas dels models mixtes normals s assumeix que tant (Y |u) com f(u) es distribueixen

sota digribucions Normdls, i la funcié d'enllag entre la mitjana de la variable resposta i les
vaiables explicatives és la identitat. Aleshores la integrd es pot resoldre i L té un forma
tancada que es pot maximitzar, concretament

logL - %(Y MmNy - m)- %Iog|v|

on Y és d vector de respostes, més @ vector de mitjanes que inclou s efectes fixes, V ésla
matriu de variancies i covariancies de les dades

V =7ZDZ(+R
essent Z la matriu de disseny dds efectes deatoris, D la matriu de variancies i covariancies
dels efectes degtoris i R lamatriu de variancies dds resduds.
La dificultat en la maximitzacié de L (o logL) depén de I'estructura dels efectes desatoris, aixi
en d cas dun Unic efecte deatori I'expresso dds edimadors dels efectes fixes i dds
components de la variacia es pot derivar anditicament (Searle et al. 1992), perd amb
edtructures més complicades I'estimacio per maxima versemblanca sSha de dur a terme amb
metodes iteratius com I’ dgoritme Fisher- Scoring.
Una dternativa a I'esimacio dels components de la variancia per maxima versemblanca és la
maxima versemblanca redringida (REML), la qud maximitza la versemblanca de
combinacions lineds de Y de forma que la versemblanca resultant no inclou es efectes fixes.

D'aguesta manera l'edtimacio dels components de la variancia es duu a terme amb
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independencia de I'estimacio dds efectes fixes i tenint en compte la perdua de graus de
llibertat, resultant estimadors no eshiaixats dels components de la variancia

Els modes mixtes linedls generdizats (GLMM) permeten que tant la distribucié (Y |a)
com f(a) siguin quaseval de la familia exponendid, aixi com que la funcié denllag entre la
mitjiana i les variables explicatives sgui no lined. Per tant, d modd mixt norma és un cas
particular dels models mixtes generditzats.

La primera dificultat dds GLMM es rexoldre la integrd per trobar I'expressd de la
versemblanca. Aquesta integrd sovint és dificil de resoldre, sobretot amb estructures
complicades dels efectes deatoris. En d cas dun sol efecte deatori, la integrd es pot
gproximar pel métode de la quadratura Gauss-Hermite i maximitzar la versemblanca resultant.
Aquest métode també funciona per dos efectes aeatoris aniuats, perd no per dos efectes
creuats 0 més efectes aniuats (McCulloch and Searle, 2001). Entre les dternatives d’ estimacio
gue han estat consderades es pot trobar €s dgoritmes Markov Chain Monte Carlo (Robert
and Casdla, 1999) basats en edtimacid bayesiana, o d'dtres fonamentats en smular la
versemblanca (Mc Culloch, 1997).

Bredow and Clayton (1993) van proposar que la funcié de densitat de les dades condicionada
ds efectes aedtoris, f(Y |u), fos la quas-versemblanca (McCullagh and Nelder, 1989), i que

f(u) fos una Norma. Aleshores van resoldre la integra per trobar la versemblanca mitjancant

el metode d’ gproximacions de Laplace, resultant una log-versemblanca proporciond a
PQL =logf (Y |u)- %u@'lu

on € logaritme de la quas-versemblaca es veu “penditzat” per un terme depenent dels efectes
deatoris. Aquest fet va fer que aguest metode d'edtimacié sanomenés penalized quasi-
likelihood (PQL). Els efectes fixes i deatoris (U) sHn estimats maximitzant PQL, mentre que
els components de la variancia s estimen mitjancant la REML dels efectes aeatoris. El procés
d esimacio és iteratiu on tant es efectes fixes i destoris com s components de la variancia
es van actuditzant fins aconseguir la convergencia de les estimacions a una solucio.

El métode PQL sha popuaritzat forca perque d trebdlar amb la quas-versemblanca tan sols
Sha de definir la relacio entre la mitjana i la variancia de les dades condicionades ds efectes
deatoris, aixi com la funcié denllagc entre la mitjana i les covaridbles. No obgstant, sha
demogtrat (Bredow and Lin, 1995; Lin and Bredow, 1996) que les estimacions PQL son
forca eshiaixades d la digribucié red de les dades condicionades ds efectes deatoris
sdlunya de la Normd, com en € cas de la Binomid. Tot i axo, s la digtribucié és Poisson

amb unamitjanade 7 o superior € metode funciona correctament.
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Error estandard

En aguest apartat Sexposara I'expressd de I'error estandard del CCl 9 és etimat amb 6
model mixt generditzat PoissorntNormal. L’'expressio de I'error estandard aixi com d'dtres
aspectes inferencids referents d CCl pd cas Norma-Normal es poden trobar a Carrasco |
Jover (2003).

Donat que e CCl en & mode Poisson-Norma és funcié de la mitjana, la variancia entre
individus i la veriabilitat dels métodes, & seu error estandard també sera funcio de I'error

estandard d' aguests parametres. Aquest S aproximamitjancant € metode delta

N aedro @ gedr 6 Az adlr geedr O
Va(f)» d_m;) g—gVar g— +ng s gcovms 2)+

aalr 6Xdr

+ Zcov($?) rogedr O 52
né ds; 5 2gds éds Se

Les expressions de les variancies i covariancies dependran dd metode d'estimacio, sobretot

--|-O:

de com es dugui a terme I'estimacio de I'efecte observador. Aixi, 9 tenim dos observadors i

aguest efecte es conddera fix, €ls parametres d'interés a estimar serien m (intercept), b,

(efecte metode) i s (vaiancia entre individus). Aleshores, sota I'assumpcié de que s

components de la variancia i es efectes fixes no covarien (Searle et al, 1992) es pot assumir

gue laUnica covariancia diferent de 0 és

cov(ms?) = cov<;m1 fg %cov(anf)» b, ’COV(ﬁ]61)

En canvi, S |'efecte observador és destori distribuit sota una Norma de variandia s;, I'Unica
covariancia diferent de 0 sera cov(82,§2).
Les vaiancies i covaiancies de les edimacions des components de la variancia

S gproximaran mitjangant lainversade lamatriu d’ informaci6 de Fisher.
Aqui ens centrarem en la Situacio de dos observadorsi | efecte métode fix, aeshores

Var(f ) Var(f) + g—gVar g—g Var(5?) +2g méa-cov ms?)

53



CAPITOL 2. EL COEFICIENT DE CONCORDANGA

Derivades

Ir _ é_ @(p(S; +S§ - 1@. 1 2 2)_ .
w8 eqls 1 T Feglsr g oel) 1 loeeler esi)-l)
ﬂr 2 2

s? 2[exp J[ p {r (39<p(5a "'Sb)' 1)}]

Estimacio per interval

L'estimacié per intervd del coeficient de corrdacié intraclasse es dura a terme utilitzant la
transformacio Z de Fisher,
Z. =tah}(r ) =0.5xn{(1+r . )/(@- r .}

Aquedta transformacio s ha utilitzat amb éxit pel casos dd coeficient de correlacié de Pearson
I & codficient de corrdacio intraclasse anb € modd mixt Normd, distribuint-se Zc sota una
Normdl.

Pe cas dd modd Poisson-Norma aguesta transformacié també hauria de funcionar S les
edimacions sOn condgents. Aixi, un dtre objectiu d'aguest trebdl sera comprovar s €

procediment de latransformacio Z és Util en aquest cas.

Exemples

Es dedtja avauar la concordanca entre quatre meétodes de recomptes de CD4, que
anomenarem A, B, C i D, és quads sdn comparats dos a dos. La concordanca entre els
meétodes es valora mitjancant € coeficient de corrdacio intraclasse, que és estimat mitjancant
un modd mixt normd utilitzant com a resposta la vaiable origind 1 transformada,
condderant les trandformacions logaritmiques i ard quadrada També Setima d CCl
mitjangant un mode mixt generditzat assumint que ds efectes mixtes es digtribueixen sota
una norma i que la didribucié de la vaidbilitat intra-individu és Poisson, utilitzant com a
procediment d estimacio d penalized quasi-likelihood. Per estimar s modds mixtes normals
sha utilitzat la funcié Ime del programa SPus v.6.1 (Venables and Ripley, 1999) i per fer les
etimacions PQL sha utilitzat la funcid gilmm.PQL que es troba dins de la llibreria MASS
disponible a http://mwww.stats.ox.ac.uk/pub/MASSA/.

Per la comparacio entre els métodes es donen ds grafics de residus, les estimacions puntuals i
I’ error estandard del CCl.

Dels reaultats (Apéendix 1) es pot derivar que, en generd, I'estimacié de coeficient de
correlacio intraclasse amb d mode mixt generdizat tendeix a donar vaors superiors que la

resta de metodes, tret de la comparacio B-C on les estimacions son smilars. Donat que €



CAPITOL 2. EL COEFICIENT DE CONCORDANGA

vaor rea dd CCl és desconegut no es pot concloure s es modds mixtes normas
I'infraestimen 0 9 & GLMM € sobreestima.

Pd que fa d comportament dels resduds s deivas dd GLMM sempre tenen un
comportament amilar o millor que la reta D’dtre banda, I'error estandard estimat per
GLMM és sgtematicament inferior.

Simulacié

Amb I'objectiu d'anditzar € comportament de I'estimacid de coeficient de correacio
intraclasse quan és edimat utilitzant modds lineds mixtes (normd-normd) i modds lineds
mixtes generditzats (norma-poisson), es duu a terme un estudi de Smulacid on dos
observadors sdn comparats. Les dades seran generades mitjancant una mixtura de Poisson per
la vaidbilitat intrarindividu i de Norma per I'éfecte individu, utilitzant € logaritme com
funcié d' enllag entre lamitjanai s efectes. L’ efecte observador es consderafix.

Les Stuacions que es generaran es representen a la Taula 7. Aquestes combinen diferents
vaors de mitjanes, variancia entre individus i varigbilitat entre métodes. ES corsideren mides
mostrals de 30 i 100 individus. Per a cada combinacio es generaran 1000 mostres i € CCl sera
edima mitjancat un modd mixt normd amb la vaiadle origind, trandormada
logaritmicament i per I'ard quedrada, i amb un GLMM amb una mixtura PoissorNormal
estimat per PQL.

El comportament de les estimacions sha avaduat tant en termes de biaix com de precisé. El
biax sha esima com a diferéncia entre la mitjana de les estimacions i & vdor red smula,
mentre que la precis6 sha vdorat cdculant la desviacié tipica de les etimacions. Amb
I'objectiu d'avaluar 9§ I'error estandard és estimat correctament Sha comparat la desviacio
tipica de les edimacions amb la mitjana dels erors estandards, calculada aguesta com I arrel
quadrada de la mitjana de les variancies estimades. La condgténcia de les esimacions sha
avauat mitjancant I'error quadratic mig, € qua es troba composat pe biaix ad quadrat més la

variancia de les estimacions. Aquests resultats es mostren ala Taula 8.
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Fndment sha esimat € cobriment dels intervas de confianca de 95%, d quas han edat
condrtits utilitzant la transformacio Z de Fisher.

Taula 7. Combinacions simulades

Combinacié | m | S: s?2 E(Y) r
1 2 0 0.25 8.37 0.7040
2 05 9.49 0.8602
3 0.25 0.25 9.49 0.3766
4 05 10.75 0.5361
5 5 0 0.25 168.17 0.9795
6 05 190.57 0.9920
7 025 025 190.57 04343
8 05 21594 05784
9 8 0 0.25 3377.87 0.9990
10 05 3827.63 0.9996
1 0.25 0.25 3827.63 0.4376
12 05 4337.27 0.5807

Des resultats hom pot extreure que en termes de biax € modd que millor funciona és d
“Normd” tot i que d “PQL” es mou sempre en vaors de biaix petits i propers ds aconseguits
pel “Normd”, arribant a un maxim de 559% a ad combinacid 3. El més remarcable pe que fa
ad biax é d md comportament de les transformacions, sobretot del logaritme amb biaixos
relatius per sobre del 10% en la mgjoria de combinacions.

Regpecte la precisé de les edimacions, amb € procediment “PQL” S obtenen
sgematicament vaors inferiors de variadilitat de les estimacions, essent d modd “Normd”
el que dona uns vaors més grans de variabilitat.

Pd que fa a I'estimacié de I'error estandard, en la mgoria de casos @ biaix en “PQL” és d
més baix arribant a un maxim dd 13,27% a la combinacio 6 amb una mida mostrd de 30. El
mode “Normd” és d que pitjor estima I'eror estandard arribant a un biaix de 48,81% a la
combinacié 12 amb una mida mogtra de 30 individus. En referéncia a les transformacions, es
comporten millor que € mode “Norma”, perd en cap cas semblen superiors a modd “PQL”.

S ens centrem en la consstencia, Sha de dir que en generd es errors quadratics han estat
petits, obtenint-se es vaors més baixos amb d procediment “PQL”. El cas “Norma” sempre
apareix amb vaors smilars 0 més baixos que les transformacions, per la qua cosa, en termes

de congstencia, té un comportament millor.
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Respecte s cobriments, & procediment “Norma” tan sols dona uns cobriments correctes en
les combinacions 3 i 4, sobreestimant & cobriment nomind en les combinacions 7,811 i 12.
També es posa de manifet que €es cobriments en es procediments que impliquen
transformacions son forca dolents, sobretot en € cas dd logaritme que en aguns casos no
ariba a un cobriment del 10%. Pd que fa d procediment “PQL” es cobriments son molt
correctes en tots els casos, trobant-se que la trandformacié Z no millora €s cobriments en
generd.

També sha edtudia I'goroximacio a la digtribucio Norma de les estimacions de CCl quan
aguest sedtima per PQL. En €s casos en que s utilitza un modd normd ja ha estat comprovat
gue e CCl es digtribueix assmptoticament sota una Norma per mides mostras grans, i que la
transformacio Z millora consderablement |’ aproximacié (Carrasco and Jover, 2003). Perd en
el cas dd PQL d procés destimacié no és dd tot maxim versemblant, ped que sembla
interessant anditzar 9 aguesta gproximacié a la Normad es manté. Amb aguedta finditat s han
congruit grafics quantile-quantile amb les estimacions reditzades de I'CCl amb PQL i de la
transformacié Z daguestes edtimacions (Apendix 11). Amb I'gut daguests grafics es pot
observar que I'gproximacio assmptdtica a la Norma dd CCl é molt bona en les
combinacions en que hi ha variabilitat entre métodes i amb una mida mogrd de 100. Quan
Sgplica la trandformacid Z I'goroximacié millora condderablement fins i tot amb una mida
mostral de 30.
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Taula8a Resultats de lasmulacié. Combinacions 1, 2, 3i 4.

Biaix relatiu
Desviacio Mitjana Biaix error error Error
Métode Mitjana  estandard errors Biaix estandard  estandard ~ Quadratic
Comb n estimacidé estimacions estimacions estandard Biaix  relatiu (%) (%) (%) Mig (%)
1 30 Norma 0,6732 0,125198 0,097992  -0,0308 -4,37 -2,721 -21,73 1,662
Log 0,6090 0,122380 0,113142  -0,0950  -13,49 -0,924 -7,55 2,400
Arrel 06438 0,117226  0,105428  -0,0602 -8,55 -1,180 -10,06 1,737
PQL 0,6680  0,100062  0,096155  -0,0360 -5,12 -0,391 -3,90 1,131
100 Norma 0,6911 0,068891 0,051939  -0,0129 -1,83 -1,695 -24,61 0,491
Log 0,6071  0,066005 0,062800 -0,0968  -13,76 -0,311 -4,72 1,374
Arrel 0,6497 0,063096 0,057580  -0,0543 -7,71 -0,552 -8,74 0,693
PQL 0,6888 0,053103 0,051188  -0,0152 -2,16 -0,191 -3,61 0,305
2 30 Norma 0,8214  0,081633 0,058937  -0,0389 -4,52 -2,270 -27,80 0,817
Log 0,7468  0,087979  0,080254 -0,1135  -13,19 -0,773 -8,78 2,062
Arrel 0,7883  0,079580  0,068824  -0,0719 -8,36 -1,076 -13,52 1,151
PQL 0,8295 0,069959 0,064767  -0,0307 -3,57 -0,519 -7,42 0,584
100 Norma 0,8455 0,046752 0,028422  -0,0148 -1,72 -1,833 -39,21 0,240
Log 0,7554  0,044865 0,042898 -0,1048  -12,19 -0,197 -4,38 1,300
Arrel 0,8023 0,041738  0,035627  -0,0579 -6,73 -0,611 -14,64 0,510
PQL 0,8486 0,034235 0,033414  -0,0116 -1,35 -0,082 -2,40 0,131
3 30 Norma 0,3824  0,096175  0,098036 0,0057 1,52 0,186 1,94 0,928
Log 0,3981 0,091845 0,092386  0,0215 5,70 0,054 0,59 0,890
Arrel 0,4065 0,089984  0,091179  0,0298 7,92 0,119 133 0,899
PQL 0,3556 0,082359 0,081148  -0,0211 -5,59 -0,121 -1,47 0,723
100 Normal 0,3950 0,057642 0,054162  0,0183 4,87 -0,348 -6,04 0,366
Log 0,4046  0,050988  0,050847  0,0280 742 -0,014 -0,28 0,338
Arrel 0,4152 0,051321 0,050113 0,0386 10,25 -0,121 -2,35 0,412
PQL 0,3674  0,046751 0,045697  -0,0093 -2,46 -0,105 -2,26 0,227
4 30 Normal 0,5238  0,090107 0,099289  -0,0123 -2,30 0,918 10,19 0,827
Log 05676  0,083878  0,086615  0,0315 5,87 0,274 3,26 0,303
Arrel 0,5739 0,080969 0,085976 0,0377 7,04 0,501 6,18 0,798
PQL 0,5118 0,077149 0,080124  -0,0243 -4,54 0,298 3,86 0,654
100 Normal 05438 0,056986  0,053908  0,0077 1,44 -0,308 -5,40 0,331
T Log 05697 0,047340 0,047689  0,0336 6,26 0,035 0,74 0,337
Arrel 0,5822 0,047543 0,046829 0,0461 8,59 -0,071 -1,50 0,438
PQL 0,5231  0,044817 0,044559  -0,0130 -2,42 -0,026 -0,58 0,218
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Taula 8h. Reaultats de lasmulacid. Combinacions 5, 6, 7 8.

Biaix relatiu
Desviacio Mitjana Biaix error error Error
Meétode Mitjana estandard errors Biaix estandard  estdndard  Quadratic
Comb n estimacio estimacions estimacions estandard Biaix  relatiu (%) (%) (%) Mig (%)
5 30 Normal 0,9762 0,010988  0,008696  -0,0033 -0,33 -0,229 -20,86 0,013
Log 0,9685 0,011853  0,011487 -0,0110 -1,13 -0,037 -3,08 0,026
Arrel 0,9739 0,010538 0,009549  -0,0056 -0,57 -0,099 -9,39 0,014
PQL 0,9758 0,008950  0,007958  -0,0037 -0,37 -0,099 -11,07 0,009
100 Normal 0,9779 0,005723  0,004389  -0,0016 -0,16 -0,133 -23,31 0,004
Log 0,9696 0,006074 0,006009  -0,0099 -1,01 -0,006 -1,06 0,013
Arrel 0,9751 0,005242 0,004939  -0,0044 -0,45 -0,030 -5,80 0,005
PQL 0,9784 0,004114  0,003946  -0,0011 -0,11 -0,017 -4,09 0,002
6 30 Normal 0,9896 0,005538  0,003849  -0,0024 -0,24 -0,169 -30,50 0,004
Log 0,9822 0,007269 0,006532  -0,0098 -0,98 -0,074 -10,14 0,015
Arrel 0,9876 0,005414 0,004563  -0,0044 -0,44 -0,085 -15,71 0,005
PQL 0,9901 0,004516  0,003916  -0,0019 -0,19 -0,060 -13,27 0,002
100 Normal 0,9909 0,002952  0,001826  -0,0011 -0,11 -0,113 -38,14 0,001
Log 0,9827 0,003537 0,003439  -0,0092 -0,93 -0,010 -2,76 0,010
Arrel 0,9884 0,002579  0,002308  -0,0035 -0,36 -0,027 -10,52 0,002
PQL 0,9915 0,002016  0,001915  -0,0005 -0,05 -0,010 -5,03 <0,001
7 30 Normal 0,4379 0,065559  0,084334  0,0036 0,82 1,878 28,64 0,431
Log 0,4879 0,067050 0,066582 0,0536 12,33 -0,047 -0,70 0,736
Arrel 0,4761 0,066333  0,071440  0,0418 9,63 0,511 7,70 0,615
PQL 0,4207 0,058872  0,057175 -0,0136 -314 -0,170 -2,88 0,365
100 Normal 0,4481 0,040819  0,046567  0,0138 3,17 0,575 14,08 0,186
Log 0,4927 0,036335 0,036518 0,0584 13,45 0,018 0,50 0,473
Arrel 0,4822 0,037861  0,039219  0,0479 11,02 0,136 3,59 0,373
PQL 0,4301 0,032108  0,031799  -0,0043 -0,98 -0,031 -0,96 0,105
8 30 Norma 0,5702 0,061130 0,089008  -0,0081 -1,41 2,788 45,60 0,380
Log 0,6539 0,061874 0,060189 0,0755 13,05 -0,169 -2,72 0,953
Arrel 0,6342 0,061550  0,068633  0,0558 9,65 0,708 11,51 0,690
PQL 0,5649 0,053856  0,051094  -0,0135 -2,33 -0,276 -5,13 0,308
100 Normal 0,5847 0,039287 0,048694 0,0063 1,09 0,941 23,95 0,158
Log 0,6588 0,032291  0,032772  0,0804 13,90 0,048 1,49 0,751
Arrel 0,6417 0,035041  0,037363  0,0633 10,94 0,232 6,63 0,523
PQL 0,5738 0,028004  0,027961  -0,0046 -0,79 -0,004 -0,15 0,081
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Biaix relatiu
Mitjana Biax  Biax error error Error
Métode Mitjana SD errors relatiu  estandard  estandard ~ Quadratic
Comb n edtimacié estimacions estimacions estandard — Biaix (%) (%) (%) Mig (%)
9 30 Norma 0,9988 0,000537  0,000458 -0,0002 -0,02 -0,008 -14,70 <0,001
Log 0,9984 0,000569  0,000599 -0,0006 -0,06 0,003 5,27 <0,001
Arrel 0,9987 0,000505 0,000500 -0,0003 -0,03 0,000 -0,94 <0,001
PQL 0,9988 0,000460  0,000409 -0,0002 -0,02 -0,005 -11,11 <0,001
100 Norma 0,9989 0,000293  0,000224 -0,0001 -0,01 -0,007 -23,60 <0,001
Log 0,9984 0,000292 0,000312 -0,0005 -0,05 0,002 6,82 <0,001
Arrel 0,9987 0,000257 0,000254 -0,0002 -0,02 0,000 -1,06 <0,001
PQL 0,9989 0,000211  0,000201 -0,0001 -0,01 -0,001 -4,70 <0,001
10 30 Norma 0,9995 0,000279  0,000200 -0,0001 -0,01 -0,008 -28,18 <0,001
Log 0,9991 0,000327 0,000334 -0,0005 -0,05 0,001 2,04 <0,001
Arrel 0,9994 0,000256 0,000234 -0,0002 -0,02 -0,002 -8,63 <0,001
PQL 0,9995 0,000224  0,000197 -0,0001 -0,01 -0,003 -11,96 <0,001
100 Norma 0,9995 0,000161  0,000094 -0,0001 -0,01 -0,007 -41,90 <0,001
Log 0,9991 0,000182 0,000178 -0,0005 -0,05 0,000 -2,22 <0,001
Arrel 0,9994 0,000137  0,000118 -0,0002 -0,02 -0,002 -13,41 <0,001
PQL 0,9996 0,000101  0,000096 0,0000 0,00 -0,001 -5,30 <0,001
11 30 Normal 0,4422 0,063691  0,083540 0,0046 1,04 1,985 31,16 0,408
Log 0,4949 0,068073 0,064538 0,0572 13,07 -0,354 -5,19 0,791
Arrel 0,4815 0,066190  0,070126 0,0438 10,01 0,394 5,95 0,630
PQL 0,4260 0,059000  0,054978 -0,0116 -2,65 -0,402 -6,82 0,362
100 Normal 0,4516 0,039213  0,046091 0,0139 3,19 0,688 17,54 0,173
Log 0,4984 0,036008 0,035408 0,0608 13,89 -0,060 -1,67 0,499
Arrel 0,4864 0,037028  0,038485 0,0488 11,15 0,146 3,93 0,375
PQL 0,4343 0,031203  0,030547 -0,0034 -0,77 -0,066 -2,10 0,098
12 30 Normal 0,5728 0,059431 0,088439 -0,0078 -1,35 2,901 48,81 0,359
Log 0,6591 0,061973 0,058074 0,0785 13,52 -0,390 -6,29 1,000
Arrel 0,6374 0,061138  0,067564 0,0568 9,78 0,643 10,51 0,696
PQL 0,5678 0,053070  0,048801 -0,0129 -2,22 -0,427 -8,04 0,298
100 Normal 0,5878 0,038702 0,048319 10,0071 1,23 0,962 24,85 0,155
Log 0,6644 0,032068  0,031591 0,0838 14,43 -0,048 -1,49 0,805
Arrel 0,6453 0,034760 0,036754 0,0646 11,13 0,199 5,73 0,538
PQL 0,5771 0,027280  0,026652 -0,0036 -0,62 -0,063 -2,30 0,076
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Taula 9. Cobriments dels intervals de confianca
Normal Logaritme Arrel PQL

Comb n Asymp Z-trans Asymp Z-trans Asymp Z-trans Asymp Z-trans

1 30 880 8,7 933 85 935 879 941 930
100 859 847 698 610 885 812 950 926

2 30 863 802 856 613 922 782 938 904
100 773 728 234 154 686 549 949 926

3 30 994 95 924 945 935 9% 91,1 91
100 932 937 906 919 82 87 920 915

4 30 957 97 903 92 N5 947 937 932
100 947 941 84 902 80 86 943 931

5 30 05 907 979 84 971 914 951 919
100 898 86 739 532 932 847 9H5 95

6 30 875 812 906 515 978 83 952 908
100 811 760 113 39 738 579 A3 936

7 30 981 979 85 903 917 937 921 918
100 92 970 643 681 781 811 940 937

8 30 99,2 9 714 786 81 915 932 924
100 9%6 985 327 387 601 671 936 941

9 30 923 891 988 865 971 923 958 91
100 879 87 739 513 944 864 A6 Al

10 30 892 796 %2 479 983 81,7 954 91
100 764 710 91 29 737 582 944 A0

1 30 984 985 829 87 91,2 91 918 916
100 9%4 974 594 627 779 8.2 939 939

12 30 99,3 9 67 74,2 87 915 926 92
100 9%8 986 272 307 576 643 940 936

Discussio

El coeficient de corrdacio intraclasse és una mesura ampliament utilitzada per avduar la
intercanviabilitat entre méodes de mesura Habitudment aguest Sedima mitjancant €s
components de la variancia d’'un nodel lined amb efectes mixtes assumint que tant s efectes
deatoris com € resdu es didribueixen sota distribucions normas. Perd de vegades
I’assumpcio de normalitat del residu no és possible per la propia naturaesa de les dades, com
& en @ cas de que la varidble que sesta mesurant consigteixi en recomptes sense limit
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superior. Aquesta Situacié es dona, per exemple, quan es vol avduar la concordanca entre
anditzadors automatics que proporcionen com a resultat recomptes de cd-lules. Aleshores la
practica habitud és o bé assumir que @ resdua Sagoroximara a una Norma, o bé aplicar
transformacions a les dades que acceerin aguesta aproximacio. Els modds lineds mixtes
generditzats permeten una nova solucié, posshilitant que @ residu tingui una distribucio
propia d’ un recompte com és la distribucio de Poisson.

Com sha observa en I'estudi de smulacio, en aguests casos € modd mixt generditzat
funciona millor en termes de condstencia i cobriment dels intervas de confianca que €es
procediments basats en d modd lined mixt classic. A mé a més, sha obsarva que les
trandformacions no funcionen gare bé fins i tot posant-se de relleu que dona millor resultat
trebdlar amb les dades originds que amb les transformacions. Aquest fet pot ser degut a que
les transformacions son  Utils quan es trebdla amb dades amb vdors extrem i/o
heterocedagtiques. Perd la introduccié d'un efecte individu pot explicar en gran pat la
presencia de vdors extrems. S, a mé a més, es pamet que € resdud pugui s
heterocedastic, com en s GLMM, queda clar que aguestes transformacions resulten
innecessaxries i fins | tot desaconsdlables donat que, com sha vigd a la smulacio, les
esimacions que en resulten son forca eshiaixades. Des d aguesta perspectiva, seria preferible
I’is d'un modd lined mixt classic amb les dades originds que transformades. No obstant, €
model mixt classc amb les dades originds sha presentat com poc eficient i anb s errors
edandard md edimats, qlestio que ha provocat uns cobriments pobres dels intervas de
confianga.

Pd que fa d métode d estimacio, la técnica penalized quasi-likelihood ha donat estimacions
correctes de les components de la varianga i del coeficient de correlacio intraclasse, tot i no
S una tecnica compleament “maxim-versemblant”. Recentment sesta trebdlant en d
desenvolupament de funcions que edimin aguests modd per  maxima-versemblanca
goroximant I'integral involucrada en la versemblanca mitjancant la quadratura Gauss-Hermite
(McCulloch and Searle, 2001) amb un Unic efecte deatori, com seria @ cas dd coeficient de
corrdlacio intraclasse presentat aqui. Tot | que l'estimacid6 PQL ha edtat raonablement
correcta, desconeixem g utilitzant un procediment d'estimacié basat completament en la
versemblanca s obtindran estimacions més consgtents.
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Apendix |

Figura la. Grafic de dispersio
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Taulal. Estimacions del coeficient de correlacio intraclasse (CCl)

i errors estandard (ES)
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Log

Arrel

POL

CcCl
ES

0.8769
0.002687

0.8452
0.004071

0.8647
0.003179

0.9468
0.001358
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AvsC

Figura2a. Grafic de dispersio
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Taula 2. Estimacions del coeficient de correlaci6 intraclasse (CCl)

i errors estandard (ES)

Normal Log

Arrel

POL

0.5672
0.013660

0.5706
0.013335

CCl
ES

0.5793
0.012815

0.6326
0.011113
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Figura 3a. Grafic de dispersio
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Taula 3. Estimacions del coeficient de correlacio intraclasse (CCl)

i errors estandard (ES)

Normal Logaritme Arrel PQL

CcCl 0.7601 0.7331 0.7539 0.8844
ES 0.008381 0.010184 0.008791 0.005032
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BvsC

Figurada. Grafic de dispersio
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Taula4. Estimacions del coeficient de correlaci6 intraclasse (CCl)

i errors estandard (ES)

Normal

Logaritme

Arrel

POL

CCl
ES

0.5342
0.010747

0.5532
0.009100

0.5517
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0.5405
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Figura5a. Grafic de dispersio
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Taulab. Estimacions del coeficient de correlacio intraclasse (CCl)

i errors estandard (ES)

Normal Logaritme Arrel PQL

CcCl 0.7217 0.7241 0.7305 0.7623
ES 0.007693 0.007049 0.006886 0.005862

68




CAPITOL 2. EL COEFICIENT DE CONCORDANGA

CvsD

Figura6a. Grafic de dispersio
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Taula6. Estimacions del coeficient de correlaci6 intraclasse (CCl)

i errors estandard (ES)

Normal Logaritme Arrel PQL

CCl 0.8006 0.8298 0.8205 0.8738
ES 0.005470 0.004052 0.004454 0.002951
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Apendix |1

Combination 1 n=30

Combination 1 n=100
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Combination 5 n=30

Combination 5 n=100
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EL MoDEL D'EQUACIO ESTRUCTURAL APLICAT A BIOEQUIVALENCIA

Introduccio

En I’ambit de la indUstria farmacéutica, quan hom desitja introduir un nou producte tergpeutic en
el mercat Sha de demostrar que té I efectivitat desitjada i €s nivells de tolerancia indicats per les
autoritats competents. Aixo implica la reditzacio d'un assaig clinic que pot ser molt costés tant
en termes economics com en temps de redlitzacio.

Es podria donar d cas de que @ nou producte sigui una nova formulacié d'un producte (principi
actiu) ja exigent en & mercat. Aquest fet es pot presentar en dues formes com a equivaencia
famacéutica o com a dtenativa famacéutica (EMEA, 2000). El nou producte és
farmaceuticament equivdent 9 conté la mateixa quantitat de la mateixa subgtancia activa en la
mateixa forma de dosficacio que es troba en d producte de referéncia, per exemple dos
productes de paracetamol presentats en capsules de 500 mg. En canvi, € producte sera una
dternativa famacéutica § estant composat pel mateix principi actiu difereix en la forma quimica
o0 en la forma de dodficacio. Continuant amb I'exemple del paracetamol, una dternativa
farmaceutica a la capsula de 500 mg seria una presentacid efervescent del paracetamol en una
quantitat de 500 mg.

El fa de que exigexi un producte de referéncia pe qua I'eficecia i seguretat ja han edtat
demostrades pot facilitar la introduccid dd nou producte, ja Sgui equivdéncia o dternativa
farmacéutica. Aix0 es deu a que hom considera que @ nou producte és equivaent en seguretat i
eficdcia ad producte de referéncia 9 la seva biodigoonibilitat és la mateixa, essent la
biodisponibilitat la velocitat i extens6 amb la que la subgtancia o principi actiu és absorbit i
resulta disponible en € lloc daccié. El procediment per a demodrar la igudtat de
biodisponibilitats entre es dos productes és conegut com a assaig de bioequivalencia, en € que la
biodisponibilitat dels dos productes es mesurada a una s&ie de voluntaris “sans’, habituament
sota un disseny creuat. Per tant I'objectiu de I'assaig de bioequivadéncia és demostrar igudtat de
biodisponibilitat per poder demostrar d'una forma reaivament rdpida que € nou producte és
efectiu i segur, 0 dmenys tant efectiu i segur com € producte de referencia.

La biodisponibilitat es mesura utilitzant una corba farmacocindtica (Figura 1), en la qud es

representa en € eix d'abscisses @ temps transcorregut | en I'eix d'ordenades la concentracio en
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sang dd farmac. La biodisponibilitat s expressa com una mesura resum d aquesta corba, essent
les mesures més utilitzades I'area sota la corba (AUC), la concentraci6 méxima (C,) i €

moment en que s arriba ala concentracio maxima (T ,,4,)-

Figura 1. Corba farmacocinetica.
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5
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Suposem que a una mostra de n individus s21s ha mesurat la biodisponibilitat de cada producte k
vegades. El model de mesura que sassumeix pe logaritme de les biodisponibilitats és € seglent
(Schall and Luus, 1993)

T, =n +u, +e

"i=1,..n,j=1,. .k
R,=m +u, +e

Rij

on Ri T representen es productes de referencia i a testar respectivament, my i g, SOn les mitjanes
globas de log-biodisponibilitats de cada producte, y; i Uy SOn les desviacions en mitjana respecte
les mitjanes globas corresponents a I'individu i-essm, €s a dir, I'efecte individu. Findment e,
€; SOn les desviacions de la mesura j-essma respecte les mitjanes de I'individu i-éssim, aixo és,
les variacions intra- individu.

S assumeix que tant s efectes individu com les desviacions intra-individu és distribueixen sota
distribucions normals Aixi, u,, ~N(0,S ), Uy ~N(0,54 ). €, ~ N(O,S 1 )s € ~ N(0,5 0 )-
També s assumeix que les tniques components del modd que covarien son es efectesindividu,

COV(uRi ' uTi ) =S RT

8
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Shan definit tres tipus de bioequivdéncia (Anderson and Hauck, 1990): bioequivaéncia en
mitjana, bioequivdencia poblaciond i bioequivadéncia individud. La bioequivdéncia en mitjana
és d tipus més utlitza i que actudment és exigit en la mgoria dagencies farmaceutiques.
Aquedta es dona quen existeix igudtat de mitianes globds m =m,. Per tant, 9 exigeix
bioequivaencia en mitjana, es dos productes tindran en mitjana la mateixa biodisponibilitat a la
poblacio d' estudi.

La bioequivaéncia poblaciona reguereix igudtat de mitjanes globas i igudtat de les variancies
totals de cada metode, s2 =s2,0n s2 =s? +s2_ i s2=gs2 +sZ.Laigudta de mitjanesi
variancies junt amb I'assumpcid de normditat implica que les digribucions de dendtat de
probabilitat marginds de les log-biodisponibilitats seran iguds. Per tant, la bioequivdéncia
poblaciond garanteix que les biodisponibilitats dels dos productes es distribueixen igud en la
poblacid d'estudi. Aquest tipus de bioequivaencia es troba relacionat amb e concepte de
"precribilitat” (prescribability), és a dir, quan @ clinic ha decidir entre els dos productes per
iniciar un tractament. En € cas de que sguin poblaciondment bioequivadents d metge |i sera
indiferent prescriure un o dtre, perque a priori és dos productes tenen la mateixa distribucio de
probabilitat sobre la quantitat de biodisponibilitat que serd aconseguida en es individus de la
poblacié de pacients.

Findment, la bioequivdéncia individud requereix igudtat de log-biodigoonibilitats per a
guaseval individu. Aix0 implica igudta de mitjanes globds igudta de mitjanes individuds,
Ug = Uy, | Que la vardbilitat de les desviacions intra-individu sguin iguds s2 . =s2. . Sota
I'assumpcié de normdita dels efectes, la bioequivdéncia individud implica igudta de les
digribucions de dendtat de probabilitat condicionades as individus de les log-biodisponibilitats.
Suposem que un individu concret ha iniciat un tractament amb € producte de referéncia i en un
moment donat € clinic vol canviar  tractament pd producte a testar. S els dos productes son
individudment bioequivdents es pot assumir que la quantitat de principi actiu que sera
biodisponible per aguel individu en concret sera la mateixa independentment del producte que
sutilitzi. Per aguesta rad la bioequivdéncia individua es reaciona amb d concepte de
intercanviabilitat (switchability) entre els dos tractaments, es a dir, en quasevol moment dd
tractament es pot utilitzar un o dtre producte indistintament perque a priori s dos productes
tenen la mateixa digtribucié de probabilitat, condicionada a I'individu, sobre la quantita de

biodisponibilitat que sera aconseguida.
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Els tres tipus de bioequivaencia tenen una caracteristica coml: és necessari demodrar la igudtat
entre productes. En reditat demostrar igudtat és una prova determinista: només cad esperar fins
trobar una diferéncia i la igudtat sera rebutjada Per ax0 és més interessant i Util parar
d equivdeéncia, son ds parametres prou semblants o les seves distribucions de probabilitats prou
amilars per condderar-los equivaents? La resposta a aguesta pregunta passa per definir uns
limits a patir dds quas es consderarda que la diferéncia és massa gran com per assumir
equivaencia

A mé a més d contrast dhipotes classic resulta inadequat per demodtrar equivaencia
(Westlake, 1972). Aixo es degut a que S s utilitza la hipotes nul-la d'igudtat estricta, Hy: my=ny,
i es controla I'error de tipus | associat, € que en reditat S estara controlant és la probabilitat de
declaar eroniament inequivalencia, quan € més agoropia és controlar I'error ad declarar
equivalencia Seria possible reditzar-ho controlant I'error de tipus I, perd en lloc d equivaéncia
Sedaria intentant demostrar igudtat. Per tant, és necessari buscar una metodologia diferent que
permeti avduar I’ equivaeéncia

El procediment més acceptat per testar hipotesis genériques d'equivaéncia ésd two-one sided
test approach (Schuirmann, 1987) en € que @ problema és formulat mitjancant dues hipotesis.
Suposem que es declarara que les mitjanes sin equivdents s la diferéncia en vaor asolut entre
elles és menor que un cert vaor d. La primera hipotes dterndtiva a tesar és que la diferéencia
entre les mitjanes Sgui menor que d, mentre que a la segona hipotes dternativa és que la
diferéncia Sgui superior a -d. S ambdues hipotesis nul-les son rebutjades amb una probabilitat
d error de tipus | fixada a a, es declarara equivaéncia anb una probabilitat d'error igua a a.
Aquest procediment és identic a condruir un intervd de confianga amb una confianca del
(1- 2a )% comprovar s I'interval cau completament dintre de I'interval d equivaléncia (- d,d) -

El procediment two one-sided test sha gplicat principdment en I'assaig de bioequivdéncia en
mitjana degut a que es tracta del procediment recomanat per les agéncies europees i americanes.
No obstant shan proposat dtres métodes per avduar la bioequivaéncia en mitjana, dguns basats
també en la congruccié d'intervals de confianca de la diferéncia de mitjanes (Westlake, 1976;
Kirkwood, 1981) i d'dtres en procediments més sofisticats com € proposat per Lindley (1998)
que utilitza una funcid de perdua. Ca destacar d métode anomenat regla de 75/75, on S exigex
que € quocient entre les mesures de biodigponibilitats dels productes de referencia i a testar ha
desar entre 0.75 i 1.25, i que ax0 sha de complir en dmenys € 75% des individus. Aquesta
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regla no sha utilitzat gaire perque va ser criticada pel pobre comportament estadistic que donava,
tot i que per una banda d criteri dd quocient es va mantenir com a limits de bioequivaéncia per
la bioequivdencia en mitjang, | per dtre € criteri de que la regla es compleixi en un cert
percentatge de la poblacio hatornat a ser considerat pel cas de labioequivaenciaindividud.

Els dtres dos tipus de bioequivdéncia, poblaciond i individud, shan qudificaa con més
resrictives que la bioequivdencia en mitjana perqué es veuen més parametres implicats en la
demostracié d equivaéncia. Per tant, sota aguesta perspectiva € tipus de bioequivaéncia més
redrictiu és la individud. El fet de qué shagin davaduar diferents parametres a banda de les
mitjanes globads ha fet que s procediments proposas Shagin classficat en agregats |
desagregats (Chen, 1997), on un procediment agregat avalua la bioequivaéncia combinant tots
els parametres implicats en un Unic index. Pd contrari, un métode desagregat avalua per separat
cadascun dels parametres involucrats en la bioequivaéncia. Actuament € procediment proposat
per la Food and Drug Administration tan per bioequivadéncia poblaciond com individud és
agregat (FDA, 2001), donat que combina les mitjanes i les variancies totds per la bioequivdeéncia
poblaciond, i per la bioequivdencia individud utilitza dhora les mitjanes globds, les variancies
intralindividu i la vaiancia de la diferéncia entre les mitjanes individuads anomenada variancia de
la interaccié individu-formulacio. No obgtant, en ds darrers anys diversos métodes de diferent
naturaesa han estat proposats (Holder and Hsuan, 1993; Esnhart and Chinchilli, 1994; Vuorinen
and Turunen, 1996; Gould, 2000; Lin, 2000) posant de manifest que la bioequivaéncia encara és
un tema candent origen de forga discussio.

En aguest capitol de la memoria ens centrarem en la demostracio de bioequivaéncia individud.
Aixi d primer aticle mostra @ procediment actualment proposat per la FDA (2001) i es presenta
e mode dequacid edructurd com una dternativa vdida per a la avduacio de bioequivaencia
individua. El modd dequacio edructurd assumex que la rdacié entre les mitjanes individuds
de cada producte és la maeixa per a tots es individus, per rdaxar aguesta assumpcio una
extendd daguest mode, d modd dequacid edtructurd error-in-equation, es presentat en €
segon article.
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Assessing individual bioequiva ence using the structural

eguation model

Josep-Lluis Carrasco and Lluis Jover

Bioestadistica, Departament de Salut Publica, Universitat de Barcelona, Barcelona, Spain

SUMMARY

The structural eguation model (SEM) is introduced as a useful approach for assessing individual bioequivalence.
SEM parameters are estimated using a partial likelihood analysis and the hypothesis of individual bioequivalenceis
evaluated in a disaggregate way, testing separately the hypothesis concerning SEM parameters, and assessing the
overall hypothesis of individual bioequivalence using the intersection-union principle. Limits of bioequivalence for

SEM parameters are proposed and a power analysisis carried out.

KEYWORDS: |ndividual bioequivalence, structural equation model, intersection-union principle, partia

likelihood analysis, limits of bioequivalence

1. INTRODUCTION
The am of bioequivdence trids is to show that two formulations have smilar bioavaldbilities.
Origindly, bioequivdence assays implied egudity of average bioavalabilities, but Anderson and
Hauck [1] demondrated that this equdity was insufficient to guarantee switchability between
formulations, and so they defined the concept of individua bioequivdence. The FDA has now
incorporated an aggregate index in its guiddines [2], based on the procedures of Schal and Luus
[3] and Hydop et al. [4]. This index dmultaneoudy measures departures from three issues
equdity of means equdity of within-subject variances and absence of subject-by-formulation
interaction variance Since the concept of “Smilar biocavalabilities’ actudly means agreement
between the bioavalabilities of two formulations, the procedures used in agreement problems
seem adequate in individud bioequivdence assays. We will introduce the sructura eguetion
modd (SEM) as an approach used in reliability and method comparison assays [5], and as a
useful disaggregate approach for testing individua bioequivadence [6, 7]. Section 2 contains the
measurement mode for bicavailabilities and a brief description of the current FDA criterion for
assessing individud bioequivalence. Section 3 illudtrates the SEM  gpproach, including parameter
edimation, hypotheses concerning individua bioequivalence and the bioequivdent limits used to
test these hypotheses. A case-example is given in section 4 comparing the SEM gpproach with
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the method currently recommended by the FDA. Findly, section 5 contains the discusson and
man oconclusons aout the characteristics of SEM a a tool for assessng individud
bioequivaence

2. THE FDA’S APPROACH

2.1 Measurement model
Andyses of individua bioequivaence ae typicdly based on modds of the logarithm of
bicavailability messurements. The most common measures of bicavailabilities are derived from a
pharmacokinetic curve: the aea under the concentration curve (AUC) or the maximum
concentration (C, ). The measurement model proposed for bioavailabilities (or its log
trandformed vaues) by Schall and Luus[3] is

T, =m+u, +e; R;=m+u,+e,
where T; and R; are the bioavailabilities of tested (T) and reference (R) formulations, m and ny
are the overall averages of T and R, 4; and y; are the mean deviations of individud i and er; and
erij ae the deviations of individud i on j determination, with i=1,..,n and j=1,...k. It is assumed
thet u,, ~ N(0,5,,). Uy ~N(0,S4e). €, ~N(O:s ;). €y ~N(0;S )
The individua bioequivalence is completely achieved (T and R are bio-identicd) when m, =m,,

2
WR

— 2
_SWT

S and s2 =0, where s? is the variance of the subject-by-formulation interaction and

Canbeexprmdassg:Var(uﬁ - uRi):SéT +SER- ZSRT'

2.2 Criterion and bioequivalent limits

The FDA's criterion is based on the following index ¢ = (m - m.) +(SZD +(SZWT Sin) £q, [2],
max|s?.S

WR?'™ WO

where s’ = is a congtant with a suggested value of 0.04, and ¢, is the bioequivaent limit with a

2
recommended vaue of q = (in 1-2;3)04+ 0.05

difference of average, 0.05 is the limit obtaned from the addition of within-subject variances
difference (0.02) and the subject-by-formulation interaction variance (0.03) limits, and 0.04

the index q is

=2.4948» 25, beng (In1.25)° the limit for the

comes from s} . According to the vaue used in the denominator,s? or s:

wo’

caled ether “reference scaed” or “congtant scaled”, respectively.
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This index is conddered to be an aggregate measure because it evauates averages difference,
within-subject variances difference and the subject-by-formulation interaction variance at the
same time. The bioequivdence is accepted a significance level a if the (1- a)o upper
confidence limit of g is lower than q,. Hydop et al. [4] have recently proposed a linearized

verson of the criterion, where the index becomes

2 2

h=(m-m)+s2+(s?,-s2.)- q max(s?,.s%,), condudng bicequivdence if the

(1- a)oe upper confidencelimit of h islower than O.

3. STRUCTURAL EQUATION MODEL
3.1 The model
The sructural equation model (SEM) uses the same measurement mode proposed above, but for

the sake of smplicity we are expressing it as T, =u, +e, R, =u, +e, Whereit is assumed
that u, ~N(Mm,s, ). uy ~N(m.Se) e, ~N(Os,,). e, ~N(Os,,) ad the only
covariance among components of the model that is not equal to zero is cov(u . ) =S o -
The SEM incorporates a new component in the modd, the structurd relationship between y; and
Ugi, defined as u,, =a +bxu, [8], therefore we are adding the assumption that the individua
averages have a linear reationship. Assuming this model, we ae moddling the reaionship
between means of both formulations and the covariance sructure of individual effects, and hence

we have
m =a+bxm,; s =b’s%; s, =bxiadj =m-m =a+(b-1)>xm,

and therefore, if a, b, s?2

WR?

S and m, ae known the modd is completely specified. We

wr 1S o
can dsorewrite s 2 and expressit as

s2=Var(u, - u,)=s? +s2 - 2> =b?xs’ +s2 - 2%bxs? =(b- 1) s>
0 now the individud bioequivdence is completdy achieved when b = 1, a = 0 and
| =si./si. =1. These criteria can be relaxed in the same way as the FDA criterion and then
individual  bioequivalence is accepted when b [g,;0,]. j T [a,;0,] ad | <q,, being
q,.9,.9,.9,and g, the bioequivaent limits.
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3.2 Parameter estimation

Paameter edimation depends on the desgn of the data, paticularly on the number of
determinations by formulation and subject. If the desgn is nonreplicated there is only one
measurement by formulation and subject, then the modd is not identified. Consequently an extra
assumption about parameters is required to estimate the modd. For example, if we had a previous

assay of reference method religbility we could introduce information about s2. or s?  into the

model and then the estimation of the remaining parameters becomes feasble. Another common
gtuation that makes the modd identifiable is to assume equdity of within-subject variances, as in
Dragalin and Fedorov [7].

If we have two or more measures by subject for at least one formulation, the parameter estimation
can be carried out through a partid likelihood estimation [9, 10]. Throughout the per an equal
number of determinations (k) by subject and formulation and k greater than one will be assumed.

Following this approach we express the log likdihood function as
L(a bSBR’ WR? WT’R T) L (a bSBR |SWR’ WT’R"T)+L ( WR’ WT’W2 W )

ij?

where

d d d —\
%az_ = Uy %az. Wg‘:aa(R”-Ri)

Ox

Teif e i w3 -7

j=1 j=1 i=1 =1
So, the full log-likelihood is equa to the conditiond likelihood Ly based on individuad means
plus the margind likelihood |, based on within-individud sum of squares. Chinchilli et al. [10]

suggest usdng L, to esimate within-subject variances, then the maximum likelihood edimates

» _W? > _W? s . . . .
ae §2 = %)(k_l)and 82, = %>(k-1) and the within-subject variances ratio is estimated

_8?
=Sl

The remaning parameers can be edimaed by incorporating the within-subject variances
edimates in|_1|2 and then maximizing L, [8, 10]. This conditiona likelihood can be understood

as the likeihood of the nonreplicated Structura equation model with known measurement error
variances [11], and then the maximum likdihood estimates are:
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E,:sprys;#(s;g;yss)“wﬁn A=X, b, [ oa+f- I
T

S+ 62 - 2*%4(& e f rad s,
a2
Sgr ~ 2){(\ +62)

where X X, S2,$2,S,, ae the sample means, variances and covariance of R, and T,

respectivdy, and n is the number of individuds These ae the maximum likdihood egtimates
provided one or more of the following conditionsis satisfied:

e o
S > Swe / > / oS, > / SZ- / 2
S g " p

Gleser [12] proved that if s? >0 then the edimaes 4 and b ae srongly consstent,

asymptoticdly  jointly norma with the covariance of the asymptotic didribution of

n%(é- a,b- b) equd to

( B)ZQHmixy m, >y U
€ u
- m Xy Y O
where
2 0
Y =Sg ><(’:ngBR __-bgl\;vg: %(SWT bZS\ZNR)'
[}

Thus, for making inference about these parameters we can use a normd digtribution, athough
Fuller [13] suggedts a t-didribution with n-2 degrees of freedom in small samples. Snce | isa

liner combination of maximum likeihood edimates, it dso follows an asymptotic normd

digtribution with variance

var(i) = var(a)+ng var(p)- 2m, cov(a, 6):%.

Both within-subjects variances follow chi-square distributions with n k- 1) degrees of freedom
[10]; therefore the within-subject variances ratio follows an exact F-digtribution with nxk - 1)
and n x{k - 1) degrees of freedom [10, 14]. Thuswe will base inference about| on F-distribution.

3.3 Hypothesis testing and bioequivalent limits
The hypothesis of individud bioequivaence will be tested in a disaggregate sense evduating five
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hypotheses about j , b and| :

H,:b<aq, H,:b>aq, H,:j <q, H,:J >aq, H,:l >q,

H,:b3q, H,:b£q, Hs:j 3 q, H,:] £q, Hs:l £qs
where q,,q,,q,,9, ad g, arethebioequivaent limits.
The overd| hypothessin rdation to individua bioequivaence is expressed as

Ho: No-Bioeguivdence= H EH_,EH_ EH_ EH,
H,: Bioequivdence= H, CH,CH_ CH_,CH,

This sort of mixed hypothess is teted using Roy's intersection-union principle [15, 16].
Following this principle the null hypothess of no-bioequivaence is rgected with a sgnificance
leve a if Al null hypothesesarergected a leved a.
The hypotheses concerning b and j can be tested in a two one-sided way [17] using interva
esimation with a confidence of 1- 2:a, being a the desred dgnificance leve. If the whole
confidence interva lies indde the bioequivdence limits both null hypotheses will be rgected.
Although exact confidence intervas are avallable via pivotd datistics [6, 7, 8], we have preferred
to estimate asymptotic confidence intervas usng a t-digribution with n- 2 degrees of freedom
[8, 18], where n is the number of subjects. The behaviour of such confidence intervas is quite
good [18] and they are eader to implement than exact intervals. However, there is a problem with
the confidence interval estimation of b and j , what is known as the Gleser-Hwang effect. Gleser
and Hwang [19] demondrated that when the number of subjects is fixed, every confidence
interval for p of finite length has confidence equal to 0. Nevertheless, Gleser [18] showed that if

the quantity known as signd-to-noisgk? =s?Z /s%., ad the number of subjects are large

WR !
enough (k2 31 and more than 25 subjects) the asymptotic confidence is reasonably close to the
desired coverage probability.
The hypothess concerning within-subjects variances can be tested by edimating the 1- a

percentile of |, a beng the desired significance level. This percentile is estimated as | x&

1-a,ng,ny

[10], where E

1-a,ng.ny

isthe 1- a percentile of Fdistribution with n, =n, =nxk- 1) degrees of

freedom, where k is the number of measures by subject and formulation.
At this point it is necessary to decide the bioequivdent limits for the five hypotheses. Since the
limts ae a subjective decison, any abitrary vaue might be taken to evauae individud
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bioequivdence but we will try to adapt the FDA’s suggestions to SEM components. The limits
for averages difference are found from the wel-known average bioequivdence inequdity

(m - m,)’ £(In1.25)> o the limits will be j T [- In1.25xIn1.25]. The FDA considers a within-
subject standard deviation ratio to be large when it exceeds 1.5, so the limit for | could be

152=225. For b we could use the fact that b links both betweensubject variances,

s, =b’s?%, ® b® =s2,/s2, - Hence we could fix the limits in the within-subject variance way,

a) b)
1.01 1.01 =
0.81 0.81
0.61 0.6

1 —cl 0.41 —cl
0.4 — —=C2
0.21 —c3 0.21 — c3

—_— —c4
0.01 c4 0.0
6 40 8'0 12'0 0 40 80 120

Figure 1. Power curves related to the null hypotheses of difference of means. @) H,:j <- logl25;b) H,:j >logl125.

Power corresponds to Y-axis and X-axis represent the sample size. The parameters associated with each curve are
shownin Tablel.

so none of the between subject standard deviations can exceed the other one by more than 50%

and this meansthe limitsfor b are [3/ , 1.5].

These limits are an adgptation from FDA suggestions, but obvioudy it would be possble to find

other more or less redrictive limits, depending on the user’ s requirements.

3.4 Power of the test

Berger and Hsu [20] pointed out that intersection-union test procedure can be quite conservative
with a type | eror rate lower than would be desred. Initidly, a low type | error rate is not an
undesirable property, but the difficulty in rgecting dl H, comes from the power of the test when
H, is fdse. Since the power of the overal hypothesis of bioequivalence is the product of the
power of five hypotheses, it is worth studying the power of these hypotheses separately. For
example, if an overal power of 80% is desred it is necessary for each hypothesis to have a power

9
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of a least 95%. In order to estimate the power of hypotheses concerning b and j we will use a
non-centrd  t-distribution and, in the case of |, a non-centrd F distribution. We set as actud
vaues of b, j and | those which define perfect individua bioequivalence because this is the
maximum power dtuation. We cdculate the sample Sze necessary to reach a power of 95% for
each hypothess as we are in the maximum power Stuation this quantity should be teken as a

minimum sample Sze.

Table I. Combinations of parameters to estimate the power concerning the difference of means, b and| hypotheses.

S ER is the between-subjects variance of the reference formulations, S ﬁ\,R and S sw are the within-subject
variances, a and b are the intercept and slope of structural equation, respectively, My is the reference formulation

average, j is the difference of formulation averages, ké and k$ are the reference and test formulation signak-to-

noise, | is the within-subjects variances ratio, k is the number of determinations by subject and formulation, ny, n,

and ry represent the number of subjects needed to reject with a power of 95% the null hypotheses concerning

difference of means, b and | respectively

Difference of means hypotheses: parameter combinations

Combination S2e S2; b a g j Ny
cl 003 0.03 1 0 5 0 15
c2 003 0.03 13 -15 5 0 19
c3 0.1 0.1 1 0 5 0 45
c4 0.1 0.1 13 -15 5 0 60

b hypotheses: parameter combinations

Combination S 2 s2. s2. b k2 k2 ny
cl 0.05 0.05 0.05 1 1 1 286
c2 0.1 0.05 0.05 1 2 2 121
c3 0.2 0.05 0.05 1 4 4 56
c4 0.3 0.05 0.05 1 6 6 37
c5 04 0.05 0.05 1 8 8 27
c6 0.5 0.05 0.05 1 10 10 22

| hypotheses. parameter combinations

Combination I k N3
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cl 1 2 65
c2 1 48
c3 1 4 41

The power of the hypothess concerning j is a function of both within-subject variances, b, the
number of subjects and the actua difference of means. The rdaionship among power and within-
subject variances and b is inverse this means tha the grester within-subject variances and b are,
the greater is the standard error and the lower is the power. With the number of individuds the
relationship is direct. Figure 1 shows power curves related to the hypothess concerning
differences of means. The parameters of each curve and the number of subjects needed to reach a
power of 95% for each test are described in Table I. Since we have assumed a no-difference of
means (maximum power gStuation) this number of subjects mugt be taken as a minimum sample
Sze.

In the case of the hypothesis about b, wefirst expressthe b standard error asfollows,

2

L2 =2 2 =2 2 N =2 =2 A =2 = N
Var(B)_leSWTSBR +SWTSWR +SWRSBT l:I_ 1 SWTSWR eSWTSBR +SWTSWR +SWRSBT L,J_
n& 4 u- 4 € =2 =2 u-—
n S er a N Sgi @ SwrSwr u
2 =2 z2 2 A 2 2 y
T S - (R
hiez oz R TRy “ € 2Rz U
nb S RS &R ne kRkT u
52 52 Cr . . . 32
where ST ="ws4 S = W% ae the attenuated within-subject variances and k? = —%
SWR
SZ
and k? =—2L ae known as reference and test sgnd-to-noise, respectively. Therefore, the
S

WT

power of the hypothesis involving b is a function of the actud vaue of b, the sample size and
both sgna-to-noise. The reationship among power and both sgnd-to-noise is inverse because if
k2,k2 ® 0 then Var(6)® ¥, butif k2 ork?® ¥ then Var(6)® 0. From Figure 2 we can see
that power is strongly related to both signal-to-noise and that the number needed to reach a power

of 95% decreases quickly as dgnd-to-noises increase. The parameters used to caculate these

curves are described in Table .

The power of the hypothess related to | is a function of the actud vaue of | , the sample size and
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the number of determinations by subject and formulation. Figure 3 shows power curves related to
the null hypothesis that | is beyond 2.25; the parameters associated with these curves are shown
inTablel.

a) b)
1.07 1.07
0.81 0.81
0.6 0.6 —cl
. —cl
g -— c2
0.41 : —c2 0.41 — 3
—c3
-— ¢4
0.2] -—c4 0.2] — 5
o —c6
0.01 —c6 0.01
0 50 100 150 200 250 300 0 50 100 150 200 250 300

Figure 2. Power curves related to the null hypotheses of b.a) H, :b <2/3;b) H, :b >1.5. Power corresponds
to Y-axis and X-axis represent the sample size. The parameters associated with each curve are shown in Tablel.

1.01
0.97
0.81
0.71
0.61
0.57

—-—cl
— 2
-— 3

0.4 T T
80 120

Figure 3. Power curves related to the null hypothesis of H, : | < 2/3. Power corresponds to Y-axis and X-axis

represent the sample size. The parameters associated with each curve are shown in Tablel.

4. EXAMPLE
Hydop et al. [4] andysed data from a study of two formulations of Vergpamil published in [21].
They used the FDA's linearized index () procedure taking into account that data were sampled

infour different sequences. The estimates were:
m =5.6360 M, =5.6532582,=00743 §: =01272 §2 =-004395 h=-0.1761
The estimated 95" percentileof h was—0.0429 (< 0) concluding individua bioequivaence.

The data were picked up using four sequences, and assuming the non-existence of a sequence

9
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effect we proceed by joining dl subjects in a unique sequence with two measurements by
foomulation and  subject.  The individul means edimate were  provided  by:

_ 19 19 - 18 18 .

R == R, =u, +§a e, and T :Ea T, =u, +§a e, - Applying the methods
j=1 j=1 i= i=

described in section 3.2, the SEM estimates obtained were:

a =0.7304 b=0.8646 i, =5.6661 i =-0.036

SE(8)=1.1789 SE (b)= 0.2074 §2 =02472 SE() = 0.0926

A

§2 =00912 §%, =0.1290 | =1.4146

and usng these edtimated parameters we can proceed with the hypotheses tests associated with
individual bioequivaence.

1. Hypothesis concerning b. The bioeguivaent limits for b are [2/3,1.5]. The 90% confidence

interva for b is [0.5084 , 1.2208] which has a lower limit lower than the bioequivaent limit,

so we don’t regject the no- bioequivaence hypothessof b < 2/3.
2. Hypothesis concerning ] - The bioequivadent limits for ] are

[ In1.25¢In1.25]» [- 02231,0.2231]. The 9% confidence intevd for | s
[- 0.1961, 0_1225] which is completdly indde the bioequivaent intervd, thus we rgect the
null hypothesis about j .

3. Hypothess concerning within-subject variances. The edimate of the ratio of within-subjects
variances is [ =s2,/s2, =1.4146. The 95" percentile of F distribution with 23 and 23

degrees of freedom is 2.014, and so the 95" percentile of | is 2.8495, greater than 2.25. Thus,
we don't rgject the null hypothesis concerning | .
Therefore, the decision is no-bioequivalence due to b and to | . Table Il shows the power of each
hypothess under two dternative hypotheses. parameters are equd to ther estimate and
parameters are those defined by perfect individuad bioequivadence. We have dso estimated the
power with a sample size of 50 and 100 subjects. From the results it seems that a number of
subjects between 50 and 100 would yield a reasonable power to take adecision.
Disagreement between the FDA index and the SEM approach in this case could be explained
through the lack of power of the SEM approach. However, the greater power of the FDA
goproach might be due to aggregation of bioequivaent limits. The FDA index limit is based on
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the addition of limits for each component, so if a component has a vadue lower than its limit this
dlows another component to have a vaue greater than its own limit. Suppose a Stuaion where
the difference between within-subject variances was 0. As the limit proposed in the FDA
guidelines for within-subject difference is 0.02, the term s? can exceed its own limit (0.03) in
0.02 and individuad bioequivdence can be concluded. Now suppose that the subject-by-
formulation interaction variance was aso 0O, then the difference of means night have a vaue of
Iog(1.25)2+0_o5:o_0997g (limit for difference of meens plus limit for s2 +s2 - s? ) and

individua bioequivaence could be concluded.

Table 11. Power of the case example hypothesis. H; is the alternative hypothesis assumed to estimate power, nisthe
number of subjects. The column “Overal” refers to overal power related to the hypothesis of individua

bioequivalence.

Ho
Hi n b<2/3 b>1.5 j <-logl.25 j >logl.25 | >2.25 Overall
jOf?%r\g%dG 23 0.2267 0.9038 0.6148 0.8563 0.2878 0.0310
b =0.8646 50 0.3941 0.9967 0.8986 0.9913 0.4921 0.1721
| =14146 100 0.6284 0.9999 0.9936 0.9999 0.7472 0.4664
23 0.4289 0.7183 0.7105 0.7105 0.6034 0.0938
Bio-equality 50 0.7204 0.9541 0.9509 0.9509 0.8844 0.5496
j =0,b=11 =1 100 0.9369 0.9989 0.9987 0.9987 0.9914 0.9254
5. DISCUSSION

Since the semind paper of Anderson and Hauck [1] the individua bioequivaence problem has
received much attention and numerous procedures have been proposed [22, 23, 24, 25, 26, 27].
The need to demondrate individua bioequivadence between two formulations before a clinician
may switch one formulation for another is ill being discussed [28]. However, the god of this
paper is not to discuss the importance of individud bioequivalence, but rather to demondrate that
the SEM is a useful approach to the problem.

Chen [29] proposed nine desirable properties that a bioequivdence criterion should have. The
SEM gpproach has them dl, but two in paticular should be mentioned. Chen argue tha “The
drug sponsors should be able to estimate appropriate sample size for the study in order to meet
the criterid’, and that “The datisicd method should permit the possibility of sequence and period
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effect, as wel as missng data’. Sample dze edimation is a question that has been tackled
through the power andyss. Potentid users of the SEM approach should pay dttention to the
megnitude of within-subjects variances and, above dl, to sgna-to-noise of both formulations.
The power of he hypothess concerning | can be increased by taking more determinations by
subject and formulation, whereas a higher signd-to-noise would yield a better power for b. The
way to increase dgnd-to-noise is through increasing the between subjects variance of reference
method and this means collecting subjects with a greater spread of data. In fact, a larger sgna-to-
noise of reference method will generate a higher power and dso avoid the Gleser-Hwang effect.
With regpect to sample Sze, the power andlyss indicates that the FDA’s suggestion of a
minimum number of 12 subjects [2] is quite inadequate for SEM andyss, where a sample size
between 50 and 100 subjects would be more satisfactory in terms of power.

In relation to sequence effect, even though the SEM procedure might easly modd this effect
including a covariate [8], we believe that in the context of a bioequivdence study the absence of
sequence effect is a measurement mode assumption, like normd distribution or linearity of the
effects, and we should be reasonably corvinced about the non-existence of this effect.

In this pagper, we have assumed both formulations were replicated and both within-subject
variances were edimated from these replicates, but what would happen if only one formulation
was replicated? In this case, we would only be able to estimae one of the within-subject
vaiances from the replicates, but nevertheless, the modd would be identified and egtimation
could Hill be caried out. The formulae of estimates and standard errors would, however, be
different [8].

SEM is a disaggregate procedure because it evauates separately each component of the model
related to individua bioequivadence, whereas the FDA index is an aggregate approach. Some
authors have argued in favour of disaggregate as opposed to an aggregate approach [30, 31, 32,
33]. The mogt important criticism againgt the aggregate procedure in questions of individua
biocequivdence is the trade-off among components, namely, the trade-off between average and
within-subject components and, specificdly, that within-subject variance of tested formulation is
greater than within-subject variance of reference formulation (s <s?Z_ ). The FDA Individud
Bioequivdence Working Group took this matter into account and proposed some solutions B4],
such as weighting the FDA index components in order to avoid the trade off. However, the

question is not only the trade-off when s?_<s? _, but when any component has a vaue lower

WR'
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than its bioequivdent limit, as has been shown in the case example This “limit trade-off” could
leed to a bizare dtuaion where individud bioequivdence is achieved but average
bioequivadlence isn't. The root of this problem lies in the fact that the bioequivdent limit for the
aggregate index is obtained by combining disaggregated limits for each component. In our view,
a disaggregated criterion is more consstent and gppropriate for bioequivdent limits derived in a
disaggregate way such as those proposed by the FDA.

A disaggregate criterion has been criticized because it can produce multiplicity problems through
combining different hypotheses and the need to gpecify multiple limits [35]. Since the
intersectiorrunion principle has been used in the present dudy, the multiplicity problem is
avoided; as for the multiple limits, the limit for the aggregate criterion is established by adding
multiple limits s0 no extra complexity results from usng multiple acceptance limits in a
disaggregate approach.

Summing up, it was demondrated that SEM is a useful approach to the individud bioequivaence
problem. The fact that SEM is a disaggregate approach has two advantages. Firdtly, it enables the
sources of no-bicequivdlence to be easly found; and secondly, the aggregation of the
bioequivdent limits is avoided. An additiond advantage could be that because SEM is a

regression procedure it is more straightforward approach for potential users.
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The structural error-in-equation model to evaluate individual

bioequivalence

Josep L. Carrasco and Lluis Jover

Bioestadistica, Departament de Salut Publica. Universitat de Barcelona, Barcelona, Spain

ABSTRACT
Individual bioequivalence is assessed using an extension of the classical structural equation model, known as the
errorin-equation model. This procedure estimates the relationship between individual means, as well as the
variance-covariance parameters, of the bioavailabilities measurement model, by considering individual means related
through a straight line with a random term, whereas the classical structural equation considers a deterministic linear
relationship. We discuss the implications of this approach in terms of the bioavailabilities measurement model and
how to test the overall hypothesis of individual bioequivalence. Both models are compared in a simulation study and

acaseexamp leis presented.

KEY WORDS Individual bioequivalence, structural equation model, structural error-in-equation model, union-

intersection principle

1. INTRODUCTION

Two formulations are consdered bioequivdent if they have the same amount of bicavaldbilities.
If this condition holds, they can then be assumed to have the same thergpeutic effect (1).
Bioavailabilites are measured using a pharmacokinetic curve, where the area under the curve
(AUC), the maximum concentration (C,,,) ad the time to reach the maximum concentration
(Te) @€ the most frequently used measures.
If the bicavaldbilites are measured from n individuds k times, it is assumed that taking
logarithms on bioavailahilities the underlying measurement modd is (2):

T”. =Ug ey

R, =ug +eg
where T; and R;; are the log-bicavalabilities of tested and reference formulations respectively, my
and ny are the overdl averages of T and R, 4; and W ae the mean deviations from the overdl

averages of individud i, and er; and eg; are the random deviations of i individud on ]

101



CAPITOL 3. EL MODEL D’EQUACIO ESTRUCTURAL APLICAT A BIOEQUIVALENCIA

determination, with i=1,..,n and j=1,...k. It is assumed that u, ~N(m,s,.), uy ~N(m,,Se),

e, ~N(0s, )ade

Tij

o ~N(0.S g)-

Formerly bioequivaence was assayed by comparing the overdl means of the bioavalabilites (3)
and if the difference between my and ny was sufficiently small then bioeguivalence was acoepted.
However, Anderson and Hauck (4) demondrated that this equdity was insufficient to guarantee
switchability between formulations and defined bioequivdence as “average bioequivaence’.
They then proposed two new bioequivaence concepts. population bioequivaence and individua
bioequivaence.

Population bioequivalence is achieved if it can be demondrated that the bioavailabilites of both
formulations are from the same probability didribution. Since a norma distribution is assumed
for bioavailabilites, populational bioequivaence is reduced to demondrate equdity of averages
plus equality of overdl variances, a concept that can be associated with the prescribability of a
new formulation.

Individua bioequivdence requires equdity of esch individud’s bicavaldbilites and hence
operates with a probability digribution that is conditioned to the individuad rather than the
population didribution. In this case, individud bioequivaence requires equdity between the

overd|l averages, nm+ and ng , between the individuad mean deviations, i and y;, and between
the variances of the within-subjects variances s?. ad s7.,. Thus true individud
bioequivdence requires pefect agreement among the bioavalabiliies of each individud.
However, this criterion is usudly rdaxed so that it is suffident for dedaing individud
bioequivaence if the differences are within certain limits, known as the limits of bioequivdence.

The criterion proposed by the Food and Drug Adminigration (5) is an aggregate index which
incdludes dl the terms involved in individud bioequivalence. Here it is not our intention to discuss
this criterion but rather we wish to use the dructura error-in-equation mode (SEEM), an
extenson of the structural equation model (SEM) presented by Carrasco and Jover (6), in order to

asessindividud bioeguivaence.
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2. THE MODEL

2.1 Structural Equation Model

The dructurd equation modd assumes that the relationship between the individud means is a
dgraght line y_ =a+bxu, - This dructurd equation implies that the average of the teded

formulation is m =a+bxm,, the betweensubjects variance of tested formulation is
s2, =b%s?%, ad the covariance between tested and reference formulations is equa to
S o =b>s2, . Thedifferencein overall means can be expressed asj =m - m, =a +(b- 1)>m -

Bioequdity can be sad to hold when there is equdity of means equdity of between subjects
vaiances and equdity between within-subjects variances. Because b=s,; /s, and
| =s2,,/s2,, individud bioequivalence can be assessed by evauating | , b and | separately.
Individud bioequivalence can then be established if | , b and | lie within the respective limits

of bioequivaence.
Drawing on FDA guiddines for edablishing bioequivadence limits, Carasco and Jover (6)

proposed usng: j T +In1.25 for difference of means, which comes from the criterion for
average bioequivadlence; s, /s .1 %,1.5] for between-subjects variances, whereby any of the

between-subjects standard deviations can exceed the other one 15 times and findly,
s2.[s2, £225, whereby the within-subject standard deviation of tested formulation cannot

exceed the within-subject standard deviation of the reference formulation more than 2.25 times
The overdl null hypothess of no-individidud bioequivdlence can be evduaed testing the
following five hypotheses

H011b<% H,:b>15 Hg:j <-h125 H,:j >In125 Ho:l >225
Hnib3% H,:b£15 Hy:j%-In125 H,:j £In125 Hys:l £225

The overdl hypothessin relaion to individua bioequvaence is expressed as
Ho: No-bioequivdence=H_ EH_,EH_ EH, EH_

Ha: Bioequivdence= H, CH,CH_CH,CH,
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A mixed hypothess of this type can be tested usng Roy’'s intersection-union principle (7).
Applying this principle, the null hypothess of no-bioequivdence is reected a leve a if dl nul
hypotheses are rgjected at level a.

2.2 Sructural Error-in-Equation Model

This modd fits the underlying measurement mode introducing an eror term in the dructurd
equation u, =a+bxu, +q asuming g, ~ N(O,sq) (8). This term dgnifies that the reldionship

between individud means can vary from one individud to another, then u, =a +bxu, denotes

an average reationship. In fact, SEEM is no more than a smple regresson model between two
unobservable variables.

Therefore, we are concerned with a new term in the individua bioequivalence assay: the variance
of the equation error. In caming individua bioequivdence not only must the structurd equation

be reasonably close to the concordance line @ = 0and b = 1), but the pair of paints (u, ,u,, ) has
tolie near the straight line, so s 2 must be small.

The hypotheses concerning overdl means and the within-subjects variance ratio remain the same.

In relation to sé we have to be assured that the par of individud means lies near the line. In this

order, we propose using a correlation coefficient between y; and y; rather than s? . In this case,

the expression of this coefficient in terms of the modd is:

2

o oofuu) s, sy, bs,

JValu pVarlu, ) Jsioss  (saoosi +s;)  (bs +s;
consequently alower limit for this coefficient has to be set to establish individua bioequivaence.
Our proposd is a corrdation coefficient of 0.9. This limit is sat intuitively as we underdand a
vaue of 0.9 to be a high vaue, however, ancther limit might be used were it necessry to vary

the restrictive nature of the criterion.

Findly, the ratio of between-subjects variancesis

S;T — bZ)G;R +S<§ — bz
S S

2 2!
BR

2
BR

which means that the tolerance concerning the value of b depends on the correlation between
and Uy;.
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Therefore, when usng SEEM it is necessary to evaduate sSx hypotheses to assess individud
bioequivaence:

H01:$<% H02:$>1.5 H,:j <-In1.25 H,:j >N125 H,:l >225  H,:r <09
and
b b
=3 2 Hy i =£15 H,:j ° -In1.25 H,:j £In125 H,:l £225  H,ir 3 09

3. INFERENCE

3.1 Maximum Likelihood Estimates

Structurd  modds usudly have problems identifying the modd. This means that there is not
aufficient information in the data to produce maximum likelihood egtimates. In such a gStuation,
extra information, such as the knowledge of the vaue of a parameter, is required. This extra
information can be derived from others assays or by taking replicates in the same assay. These
replicates can then be used to estimate the within-subject variances, which become the identified
modd. The SEM introduced need only replicate one of the two formulations to obtan an
identifisble modd, whereas the SEEM needs to replicate both formulations. Here, we will
congder both formulations replicated k times over each subject with k greater than one.

Chinchilli et al. (9) proposed a partid likdihood andyss in which the full likdihood was
separate in a conditiond likeihood depending on within-subject variances and individud means
plusamargind likelihood based on within-subject variances.

L(q’S\ZNR’ WT’RIJ’T) :uZ(q|SWR’ WT’ﬁ TI)-i-L ( WR? WT’W2 W )

where

_ 14 14 . ., 8 ¢ — v
Ri :Ea Rij =Ug, +Ea eRij =Ug +eRij WR = al. a_ (Rij - Ri)

-1 14 \ 8 9 .
Ti :Ea Tij =uy +Fa eTij =uy +eTij’ WT = a_1' a_. (Tij' Tu)

L, isusad to obtain the maximum likelihood estimates of the within-subject variances

. . a2
(Tij B Ti)2 I =SWR

Q)ox

1)?1

A~

(72}

Sur = n>(k- 1)a a(Ru' Ri) Sir = n><(k

1

wWT
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where Kk is the number of replicates, n the number of subjects and ¢ the remaining parameters of
the mode. The g maximum likdihood edimaes ae achieved maximizing L; which is
equivdent to maximizing the likdihood of a common dructurd modd with no replicates with
R, and T, asdataand with the knowledge of within-subjects as extra information.

In the case of a smple structurd model with no error in the equation, the esimates for ¢ are
obtained consdering a model where both within-subject variances are known (6, 8), but when
there is an error in the equation, the estimate changes because the random error of the tested
formulation cannot be considered as known. This can be easily demongtrated by developing T, in
terms of the Structurd equiation:

T =u, +e, =a+bxu, +q +e, =a+bxu,+e,.

The random term e, comprises both the attenuated within-subject variation and the error of the

equation. In this case, the esimation is carried out by conddering just the within-subject variance
of the known reference formulation with the maximum likelihood estimates (8)

S W

_—Sz-é\ZNV | =
R k

o

provided that S? >SSV% ad § 33 8 WR 9, whee X_, X, 2,58, ae the

sample means, variances and covariance of R, and T, respectively.

Cheng and van Ness (10) proved that n’ (é - ab- b) has an asymptoticdly jointly normd
distributionwith O vector mean and covariance matrix equd to

rrﬁ o U L1 xylg

é m. >, Y, @

(SWT +b23WR)'

wherey  =s ! x(}qgsBR SWR—+bzg " 2
2 g

8

o

Q
7\—||—\

The dandard error of the difference of means | is given by Var(a+(6- 1)>m?) which in is

equd to q.
n
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3.2 Hypotheses Testing
In this section we explan how to evduate the hypotheses concerning the SEEM parameters,

when an error is assumed in the equation. We address the reader to (6) for a Smilar discusson of
the evduation of hypotheses concerning the SEM.

3.2.1 Difference of Means

The hypothesis concerning difference of means, | , will be tested in a two one-sided way, then
both null hypotheses will be rejected a level a if the (1- 2a)o confidence interval lies within
the bioequivalent interval. The confidence interval concerning | can be estimated using the
property of asymptotic normality, whereas (11) suggests usng a t-student digribution in smdl
samples, therefore at-student digtribution with - 2 degrees of freedom will be used.

3.2.2 Ratio of between subject standard deviation
To test the hypotheses concerning theratio b/r we rewrite the hypotheses as

Hy th, =b- 241 <0
and
H,:h,=b-15 >0.
To test this sort of hypothess we will esimate the a% percentile of f, and the (1- a)%

percentile of R, reecting the hypotheses if h >0 and h <0 respectively. These

1,a% 2,1-a%

percentiles can be approximated using a procedure based on a CornishFisher expanson (12).
Following this procedure we can approximate the a% percentile of R =b+qgx as

A+ (sgn V)x{V|)* where v = (B, - B)p, - B)+{a>dr, - ), - r} indicating b, and 7,
the a % percentileof p and f respectively.

The a% percentile of p can be esimated using a t-student digtribution with n-1 degrees of
freedom (11) whereas the a % percentile of ¢ is estimated according to whether the percentile is

greater or lower than the median. If a>50% the percentile is estimated as

1+F )% +(1- F)
(1+F)+(@- F)x
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wheressif a <50% the expression is

(1+F )% - (- F)
(7 )- G- R )%

where F, isthea % percentile of an F-distribution with n-2 and n-2 degrees of freedom (13).

3.2.3 Ratio of within-subject variances

Assuming within-subject variabilities are normdly didributed, both within-subjects variances
folow chi-square distributions with nxk - 1) degrees of freedom (9). Therefore the within-
subjects variance ratio follows an Fdigtribution with nx{k - 1) ad nxk- 1) degrees of freedom.
So the hypothesis conceming within-subjects variances can be tested by estimating the (1- a )%
percentile of [, where a is the dgnificance level desred. This percentile is etimated as

[ >F ... Whee Fisthe (1- a)% percentile of an Fdistribuionwith n, =n, =nxk- 1)
degrees of freedom, where k is the number of measures by subject and formulaion. The
hypothesis will be rejected if [ X, <2.25

3.2.4 Correlation coefficient between individua means

The hypothesis concerning the correlation coefficient between ur and U H,:r <0.9 can be
evduated by edimating the a% percentile of ¢, where a is the dgnificance desred. This
percentile is estimated usng the procedure explained in section 3.2.2. The null hypothess is

rejected if £, > 0.9.

3.3 Model sdlection

The SEEM seems to be a better way to modd the log-bicavalabilities measurement mode than
the SEM because the SEM is no more than a particular case of SEEM, but it is possble that the
relationship between the individuds means will be the same for dl individuds, in which case the
equation should not contain an error term and the SEM would be preferable. Thus, a procedure
for deciding between both modelsis required.
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The first step in deciding between both models is related to the vaue of s?, because in fact the
maximum likelihood estimation of s? is max{o,éj}, but it is posshble to find a negative estimate
of §2. In this case the value of S° must be set to 0 an edtimate the model again, which means

usng the SEM. So, a negative vaue of S? is a criterion for deciding between the SEM and the

SEEM.
If S? hes a postive value, the likelihood ratio test (LRT) (14) can be used. This test & based on

the log-likelihood of the structurdl modd:
Lu- %{Iog|s|+trace(SS'1)— log|q - p},

where p is the number of variables (in our case p=2), S is the covariance matrix between R, and

T besed on the model and S is the sample covariance matrix between R, and T, which means

in the case of SEM

wheress in the case of SEEM

Therefore, we can define L; and L, and under the null hypothess of S’ =0 the quantity

2 ><(|_ , - |_1) is digtributed under a chi-square distribution with 1 degree of freedom.

4. SIMULATION STUDY
In order to compare the behaviour of both the SEM and the SEEM in different Stuations, a

smulaion sudy was caried out. We smulated nine combinations of the measurement moded

parameters (Table 1). All the combinaions maintained a difference of means of 0 and a ratio of
within subject variances of 1. Only the dope of the equation (b) and the correlation between
individud means (r) varied producing non individud bioeguivalence dStuations in combinations
3, 6 and 9. We took a thousand samples of each parameter combination and we evaluated the
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hypotheses associated to individua bioequivdence using ether the SEM or the SEEM. We
considered 30 and 100 subjects as sample size.

Table |. Paameters of the data sets smulated. The differences of means have been
st to 0 and the within-subject variances ratio to 1 in al data sts. Marked rows refer

S
2 2 BT
r S q Ser KBR

to non individua bioequivaence combinations.

Comb. nmk S2 Sws a b
1 5 05 0,05 0 1 1 0 05 1,0000
2 5 05 0,05 0 1 09 01173 06173 11,1111
3 5 05 0,05 0 1 0,75 0,3889 0,8889 1,3333
4 5 05 0,05 1 0,8 1 0 0,32 0,8000
5 5 05 0,05 1 0,8 0,9 0,0751 0,3951 0,8889
6 5 05 0,05 1 0,8 0,75 10,2489 05689 1,0667
7 5 05 0,05 -1 12 1 0 0,72 1,2000
8 5 05 0,05 -1 1,2 09 0,689 0,8889 11,3333
9 5 05 0,05 -1 1,2 0,75 0,56 1,28 1,6000

Table Il shows the number of rgections of the null hypothess related to each parameter as wel
asthe overdl hypothesis of individud bioequivaence.
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Table 1. Number of rgections of each null hypothesis. Marked rows refer to non individud bioequivaence combinations.

SEM SEEM Expectation of b Regections of
HoZSé =0

Corb n ] b | Ovedl | h r | Overdll SEM SEEM 43
1 30 997 P9 726 722 99.7 99.7 99.8 726 719 101 101 43
100 100 100 994 994 100 100 100 994 294 1.01 101 974

2 30 880 94 672 55.2 90.0 94.8 16.7 67.2 89 112 1 100
100 999 100 99.0 98.9 99.9 100 115 99.0 115 149 0.99 100

3 30 584 375 715 14.9 69.4 314 0.0 715 0.0 1.47 1.01 100
100 979 411 993 39.6 99.2 58.6 0.0 99.3 0.0 1.15 1.01 100

4 30 PS5 741 675 518 995 775 99.2 675 535 0.80 0.80 4.7
100 100 97 990 98.7 100 99.7 100 99.0 98.7 0.80 0.80 56

5 30 937 837 733 62.3 94.1 871 184 733 12.7 0.88 0.81 93.0
100 100 100 99.6 99.6 100 100 15.3 99.6 15.2 0.88 0.80 100

6 30 752 793 736 437 80.5 73.1 0.1 73.6 0.0 1.15 0.84 100
100 994 981 996 97.2 99.6 99.5 0.0 99.6 0.0 1.13 0.83 100

7 30 981 932 699 67.2 98.0 9.4 99.8 69.9 65.4 1.20 121 47
100 100 100 99.0 99.0 100 100 100 99.0 99.0 1.20 1.20 49

8 30 740 514 742 264 787 56.6 14.1 74.2 47 1.38 1.20 98.6
100 100 750 991 74.1 100 88.2 76 2.1 6.9 137 119 100

9 30 402 50 719 0.8 57.2 3.6 0.0 719 0.0 1.87 1.21 100

100 92:3 0.6 995 0.6 95.9 1.2 0.0 99.5 0.0 1.83 1.21 100
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Mog notable among our results was the fact that the Structura equation modd (SEM) falls to
detect no bioequivaent Stuations when the relationship between u;; and y; is not determinigtic.
For example, in Stuations 3 and 6 where the lack of bioequivaence is due only to correlation, the
SEM declares bioequivalence 14.9% and 39.6% times in combination 3, and 43.7% and 97.2%
times in combination 6, whereas these percentages are zero when the SEEM modd is used.

Another point worth highlighting is the power of hypotheses concerning the difference of means.
This was found to be greater in the SEEM when there is a random error in the structural equation.
This would seem to be related to the fact that the SEM overestimates the dope of the equation
when there is a random term in the equation, as it can be seen if the expectation of b usng both
models is compared.

The behaviour of the likelihood ratio test when deciding between both models is very good, with
a type-1 error rate that is very close to the 5% desired (combinations 1, 4 and 7) and a high power

in the remaining combinations.

5. CASE EXAMPLE
We assayed individud bioequivdence using the dataset 3.d provided by the Food and Drug
Adminigration (15). The bioavalabilities of reference and tested formulation were measured
twice on 34 individuds. The bicava ability andysed was the logAUC.
The estimates using both the SEM and SEEM are shown in Tablel11.

Table lll. Estimations of both SEM and SEEM.

~

Moded & b s=pb) m sxn  SI sk, &,
SEM 15035 08045 00799 7.2870 01833 --- 00431 0.0462
SEEM 24069 06805 00756 7.2870 01946 00485 0.0431 0.0462

Firg¢ we decided which modd should be used by testing the null hypothess of 55 =0 applying

the log-likelihood retio test (LRT) proposed in section 3.3. We then cdculated the mean of the
log-bicavallabilities from each individua and their sample covariance matrix,

_ 202162 0.13250
€135 0.1618 P
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The covariance matrices based on each modd were

g 92040 014758
s = €1 1475 0.1418

and

_20.2162 0.1324%
SEEM 50.1324 0.1618}

gving loglikdihoods of L, =-25.828 and L, =-17. The vaue of LRT =17.65 was
gonificant a levd a = 5% compared to a criticd vaue of a chi-square distribution with 1 degree
of freedom. So, the decision was to reject the null hypothesis of s? =0 and to use the SEEM to

assay individua bioequivalence. Thus, we evauated the six hypotheses usng a type | error of 5%
using the procedures outlined in section 3.2.

Firs we evauated both hypotheses concerning the differences of means and estimated the 90%
confidence intervd. The point edimae of the diffeeence of means was
[ =a+(p- 1)sn, =0.0791 and its standard error was 0.0312. The 90% confidence interval built
usng a t-student distribution with 32 degrees of freedom was [0.0262 ; 0.1319] which lay
completdy within the bioequivdent intervd [-log 1.25 ; log 1.25], so that both null hypotheses
concerning differences of means were rejected.

We then evduated the hypothess related to the correlation coefficient between individual means.
The point etimation was = 0.8061 and the 5% percentile of ¢ was 0.6754, which is lower
than 0.9, consequently the null hypothesisr < 0.9 was not regjected.

Next the hypotheses about the between-subjects variance ratio were evaluated separately. First
we tested the null hypothesis h, =b- %r <0 and then the null hypothess h, =b-1.5r >0.
The 5% percentile of R was —0.01172 which is lower than O, so the null hypothesis was not

rejected. The 95% percentile of h, was —0.5286 which is lower than O, so the null hypothesis

wasrejected.

Findly the hypothess concerning the within-subject variance ratio was evaluated estimating the

95% percentile of | which gave a vaue of 1.8994 lower than 2.25, so the null hypothesis of
| > 225 wasrejected.
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The result is therefore no individud bioequivdence due to a lack of correation between
individua means and a betweensubject variance of the tested formulation that was much lower
than that of the reference.

It should be noted that when the SEM was used the decison teken was of individud
bioequivdence because we assumed a corrdaion between individua means of 1 with a

consequent bias on  which led to the rgection of both hypotheses concerning the between

subject variance rétio.

6. DISCUSSION

The structura equation modd (SEM) was introduced by Carrasco and Jover (6) as a useful means
of evaduating individud bioequivdence. However, the SEM assumes a delerminidic reationship
between individud averages The am of this pgper has been illustrae how individud
bioequivdlence can be evduated by applying the structurd error-in-equation mode (SEEM) and
the procedures to adopt in choosing between this modd and the smpler SEM by usng a
likelihood ratio test (14), which has been shown to present very good behaviour in the smulation
study conducted here.

However, the procedure for assaying individua bioequivdence might seem quite complicated
because severa hypotheses have to be used which implies the application of different gpproaches
in their evauation, though it should be noted that this is the cost of moving down to the lower
levd in the measurement modd. This dlows us to examine both formulations more thoroughly
and, when rgecting individud bioequivalence, to understand the causes of the lack of
bioequivaence more readily.

Here, it becomes essentid to understand the implications of each parameter in the individua
bioequivalence assay. The god is to be sure that the individud means 4, and yy; are close and
that the within-subject variation is smilar in both formulations.

If the overdl means m and ny, differ too widdly there will be a congtant difference between y
and uy;, which is related to the concept of congtant bias.

If there is a high discrepancy between the betweensubject variances 2. and g2, the
probability didributions of uy; and ug will present a very different pattern of dispersion around

their mean and a reasonable closeness between up; and Wy cannot be assured. This is linked to the

concept of a proportiona bias between up; and ug;.
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If the correlation between u; and ug; is far from 1, dthough the probability distributions of
and y; have the same shape and mean, we cannot be sure that individua means are close Smply

asaresult of arandom variation. The lack of correlaion is related to the concept of random bias.

Findly, the lack of closeness between within-subjects variances, s2_ and s 2, would mean that

wWT WR'
it is not possible to ensure that two measures took on a same individud, T; and R; , are near due
to atoo much high within-subject variation in the tested formulation.
The dmulation study showed the consequences of sdlecting the SEM when there is a random
term in the dtructurd equation, namely a bias gopears in the equation because the underlying
measurement modd is incorrectly specified. As shown in the case example, this misspecification
could lead to awrong decision being made about individua bioequivaence.
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RESUM | CONCLUSIONS

L’objectiu d’'aguesta tes ha estat andlitzar s procediments per avdluar la concordanga entre
mesures i plantgar noves solucions tant pel que fa a la mesura de la concordanca en ela
mateixa, com pe gue fa a la seva utilitzacid com a dternativa per a resoldre problemes actuas
en € mon de la biomedicina, cas de I'assaig de bioequivaencia individuad. Encara que en €
primer capitol Shan presentat dgunes de les metodologies més basiques per I'andis de
vaiables quditatives, la tes sha centrat principdment en I'estudi des procediments
variables quantitatives.

En & segon capitol sha comparat € coeficient de concordanca amb € coeficient de corrdacio
intraclasse, trobant-se que tots dos son dues expressions dd mateix index. Es podria buscar un
nou nom per aguest index, o sota la base de que la definicid dd coeficient de corrdacio
intraclasse és anterior abandonar la denominacio dd coeficient de concordanca. Perd0 en
reditat € coeficient de corrdacié intraclasse idetifica una familia d'indexs, cadascun des
quas es diferencia per les components de la varianca implicades, les quas depenen de les
assumpcions que es fan sobre d modd de mesura. Des d aguesta perspectiva, € coeficient de
concordanca denotaria un coeficient de corrdacio intraclasse en particular. Concretament €
coeficient de concordanca és aquell coeficient de correlacio intraclasse en d que es desitja
cdcular la concordanca entre observadors, es quas son consderats com un efecte fix. Per
exemple, s hom volgués consderar la interaccié entre ds efectes individu i observador,
I'express6 del coeficient de corrdacié intraclasse seria una dtra i no coincidiria amb
coeficient de concordanga. Per tant, la denominacié coeficient de concordanca identifica un
index concret dins dd generic Coeficient de Corrdacid Intraclasse, trobant-se la diferencia
entre la definicié proposada per Lin i @ propi coeficient de corrdlacio intraclasse en € métode
destimacid. En aguest sentit. d métode d'estimacié per components de la varianga mitjancant
un mode lined mixt sha mostrat superior d de moments proposat per Lin (1989), tant en
termes de biaix, com de precisd i de cobriment dels intervals de confianca El resultat del
biaix era esperable donat que també ha estat demostrat que I'estimador per moments era
esbiaixat. Perdo aguest no és I'tnic avantatge que té I'estimacid del coeficient de concordanca
per components de la varianga, donat que amb aquest metode és possible estimar facilment la
concordanca per més de dos observadors i es pot controlar per possibles variables confussores
smplement introduint-les en € modd.

En aguest mateix capitol sha edtudiat & problema d'estimacié de coeficient de corrdacio

intraclasse quan la vaiable en estudi és un recompte. En aquest cas és habitud que la
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digtribucio de les mesures redlitzades per cada observador sSgui asmetrica amb forca vaors
extrems i amb un patrd heteroscedagtic. En aquesta Stuacié és habitud que S agpliquin
transformacions com € logaritme o I'arel quadrada per normditzar la variable | estabilitzar la
vaianca Sha presentat com dternativa la utilitzacdd d'un modd lined generditzat mixt
(GLMM), assgnant una digtribucié Normd a I'éfecte individu, una digtribucié de Poisson a
I’error deatori 0 variadO intraindividu i utilitzant & logaritme com a funcié denllag entre la
mitjana de cada individu i ds efectes o covaridbles. En aguest cas I'estimacio mitjancant €
GLMM sha mostrat superior a la dd modd lined mixt normal, sobretot ha quedat paés que
les trandformacions sOn del tot inadequades S I'estimacio es fa mitjancant components de la
varianca

Els resultats semblen indicar que la utilitzacié dds GLMM pot ser estesa a dtres situacions de
recomptes com seria consderar que € resdu es didribuex sota una Binomid. Aixi mateix
sembla interessant avauar la questié de la concordanca entre recomptes quan s utilitzen dtres
procediments dternatius d coeficient de correlacid intraclasse perd que es troben sota
I’assumpcié de normditat de les dades. Entre aguests procediments cadria destacar aguells
que es basen probabilitats sobre la diferencia entre les mesures a nivel individu com €
procediment Bland-Altman o €s intervds de tolerancia Aquestes qlestions resten per
resoldre en € futur amb més recerca

Em d capitol 3 sha presentat d moded d'equacid estructurd com un procediment Gtil per
avauar bioequivaléencia individud. L’objectiu d'aguest capitol ha edat primer identificar la
questio de la bioegquivdencia individud com un problema de concordanca entre les log
biodisponibilitats dels productes de referencia i de testar. Sota aguesta perspectiva,  mode
d'equacio edructura apareix com una técnica molt interessant perqué permet avduar la
manca de bioequivaéncia a cada nivell dd model de mesura, identificant, en cas de rebutjar la
bioequivalencia, les causes de la manca de concordanca. Esbrinar aquestes causes és molt
interessant perque pot permetre, d fabricant del producte a testar, identificar que és d que ha
de millorar per aconseguir que @ seu producte sigui bioequivalent respecte @ producte de
referencia. D’dtre banda sSha vis la necesstat de tedar I'assumpcié de que la recta
edructural Sigui determinista mitjancant d mode d'equacié estructurd  error-in-equation. La
violacié de I'assumpcid es tradueix en un biaix que en Ultim terme porta a la presa incorrecta
de decisons.

La bioequivdéncia individual ha estat abordada des d'un punt de vidta tedric, sense entrar a
discutir § és redment necessari que un producte sSgui bioequivdent en un sentit individud
regpecte a un ja exisent per que pugui estar en @ mercat. En aguest sentit la discussio a la
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literatura encara es troba vigent, d'aguesta manera Senn (2001) va fer notar que la
bioequivadeéencia individud és un problema purament académic. Senn destaca que plantgar-se
sobre la intercanviabilitat entre productes no té sentit a la practica i és lluny de I'objectiu de
I'assaig de bioequivdéncia, que és garantir que d producte a tedtar tingui les mateixes
caacteristiques de seguretat | eficacia que € producte de referéncia Segons Senn, la
bioequivaéncia poblaciona s que respon a aguest punt.

El princpd handicap de la bioeguivdéncia individud és la dificultat en demodrar-la
Redment és dificil a la practica demostrar que dos productes son  completament
intercanvidbles, aribant-s= a I'extrem de que un producte no dgui  individuament
bioequivdent amb el maex s té una vaiabilitat intra-individu gran. El grau de redriccié de
la bioeguivdéncia individua ha portat a pensar que la bioequivaéncia poblaciond és un tipus
de bioequivdéncia a mig cami entre la bioequivalencia en mitjana i la individud. Perd0 aguest
reonament és erroni, perque en reditat tant la bioequivaéncia en mitjana com la poblaciond
es refereixen a la distribucid margind de les biodisponibilitets, mentre que la individud esta
asociada a la digribucié individud, trobant-se en aquest fet la diferéncia de redtriccio.
Aquest dudisme entre la didribuci6 margnd i la individud ens porta a la deduccid de que
tant la bioequivaencia poblaciond com la individud volen demostrar € mateix, la igudtat de
digtribucions de probabilitats dels productes, perd amb digtribucions diferents. En canvi, amb
la bioequivaéncia en mitjana tan sols es vol demodtrar la equivadéncia entre les mitjanes de la
digribuci6 margind. Per tant, per completar € dudisme es podria definir un nou tipus de
bioequivdencia la  biocequivdéncia  individud en mitana (average individual
bioequivalence). El requeriment d' aguest tipus de bioequivaéncia seria demodtrar la igudtat
de les mitjanes individuas, és a dir, que és productes tinguin un mateix efecte mig per a un
individu concret. Amb aguest tipus de bioequivaéncia es garanteix un cert grau de seguretat i
eficacia s ds productes sintercanvien, i la seva demostracié, en termes del modd d equacio
edructura, requereix que la recta dgui la bisectriu, ignorant les hipotess sobre les variances
intra-individu.

En resum, les principals conclusions que es poden extreure d’ aquesta tes son:

1) La fiavilitat i I'intercanvi dels metodes de mesura és una questio important en la practica
meédica que té implicacions directes en la presa de decisons.

2) El codficient de concordanca de Lin i € coeficient de corrdacio intraclasse son dos
expressons d'un mateix index. La diferéncia entre tots dos es troba arrdat en d métode

d' etimacio.
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3) Les edimacions per components de la variancia dd coeficient de concordanca sdn mes
consigtents que les proporcionades pel métode de moments.

4) El coeficient de concordanca és generditzable pel cas de més de dos metodes de mesura s
s utilitzad procediment d’ estimacid per components de lavariancia.

5) L'estimacio per components de la variancia permet obtenir estimacions del coeficient de
concordanca gustades per variables confusores o modificadores de la mitjana generd. S
aguest control no esreditza, @ coeficient de concordanca és sobreestimet.

6) Quan la variadble que Seda anditzant és un recompte sense limit superior, les etimacions
del coeficient de concordanca obtingudes mitjancant un modd lined generditzat mixt sHn
més cons stent que les proporcionades per un mode linea mixt classic.

7) Quan la vaiadble que Setd anditzant é un recompte, les transformacions son
innecessaries | desaconselables 9 I'edtimacio del  coeficient de concordanca es reditza
mitjancant components de lavariancia

8) El modd dequacié edructurd és un procediment Util per assgar la bioequivaencia
individua, permetent al’ usuari identificar les possibles font d’inequivaéencia

9) L’assumpcié de que la recta estructura Sgui determinista pot i ha de ser comprovada
mitjancant d model d'equacio edtructural error-in-equation. En cas contrari, les estimacions
seran esbiaixades podent-se a arribar a conclusions erronies.

10) Un nou tipus de bioequivdencia ha edta proposat: la bioequivalencia individud en

mitjana
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