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RESUMO

GLORIA, Leonardo, Siqueira, M. Sc., Universidade Estadual do Norte
Fluminense Darcy Ribeiro; Fevereiro de 2014; Estimacéo de parametros néao-
lineares no R e no SAS: aplicacfes para cinética digestiva e crescimento em
ruminantes. Professor Orientador: Ricardo Augusto Mendonca Vieira.

Crescimento e cinética digestiva em ruminantes séo referéncias de fendbmenos nao
lineares em zootecnia e séo interpretados com modelos néo-lineares. Foram utilizados
0S programas estatisticos R e SAS, e foram comparados na estimacdo dos
parametros ndo lineares com os algoritmos de minimos quadrados e de maxima
verossimilhancga. Foram utilizadas as fung¢des nis2 e nlme do R, e 0s procedimentos
NLIN, NLMIXED e a macro %NLINMIX do SAS. A qualidade do ajuste dos modelos
foi avaliada pelo critério de verossimilhanca. O NLIN e nls2 produziram as mesmas
estimativas dos parametros ndo-lineares. Entretanto o intervalo de confianca obtido
com a funcéo nls2 foi dentro do intervalo produzido com o PROC NLIN. A degradacgéao
da fibra e a cinética de passagem foram preditas com pequenas diferencas numéricas
em suas estimativas termos de escala e dispersdo. Os algoritmos diferiram em termos
do valor da funcédo de verossimilhanca sempre que foram ajustados os modelos com
variancias e correlacdes heterogéneas. Para variancias e correlacdes homogéneas,
os valores da funcdo de verossimilhanca foram idénticos. O nimero das possiveis
combinacdes de parametros ajustados também diferiu entre o nime e o %NLINMIX.
Felizmente, a conclusdo obtida pelo ajuste dos modelos de crescimento como R e 0
SAS é a mesma. Contudo, o Unico procedimento que permite a predicdo de qualquer
funcdo dos parametros ndo-lineares € o NLMIXED do SAS. A predicéo destas funcdes
dos parametros é crucial para quantificacdo das performances dos animais, seu
consumo é essencial para planejamento dos sistemas de producdo animal.

Palavras-chave: modelos ndo lineares mistos, modelos nao lineares cinética
digestiva, R-project, Sistema de analises estatistica.



ABSTRACT

GLORIA, Leonardo, Siqueira, M. Sc., Universidade Estadual do Norte
Fluminense Darcy Ribeiro; February de 2014; Nonlinear parameter estimation in
R and SAS: applications to digestion kinetics and growth phenomena in
ruminants. Advisor: Ricardo Augusto Mendonca Vieira.

Growth and digestion kinetics in ruminants were used as reference problems of
nonlinear phenomena in animal science to be interpreted with nonlinear models. The
statistical packages R and SAS were compared in terms of nonlinear parameter
estimation with nonlinear least squares algorithm and maximum likelihood. Programs
used were functions nils2 and nime of R, and procedures NLIN, %NLINMIX macro, and
NLMIXED of SAS. The quality of fit of the models to the kinetics and growth data were
evaluated by means of likelihood criteria. The NLIN and nls2 yielded nonlinear
parameter estimates almost equal in terms of scale; nevertheless, the interval
estimates obtained with nils2 were within those estimated with PROC NLIN. The
degradation of fiber and passage kinetics were predicted with very small numerical
differences both in terms of scale and dispersion estimates. The algorithms differed in
terms of the value of the likelihood function whenever heterogeneous variances and
correlations were fitted with likelihood probability; for homogeneous variances, the
likelihood function was identical. The number of possible combinations of parameters
fitted also differed between nlme and %NLINMIX macro. Fortunately, the conclusions
reached by fitting growth models with R and SAS were the same. Nonetheless, the
only function that allows the prediction of any function of the nonlinear parameters is
the NLMIXED of SAS. The prediction of those parameter functions are crucial in the
quantification of animal performance and consumption of raw materials, essential to
the planning of animal science systems.

Keywords: Nonlinear mixed models, Nonlinear models, Digestion kinetics, Growth
models, R-project, Statistical Analysis System.
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1. Introducéao

Nos ultimos 50 anos tem-se observado um grande interesse por modelos
lineares mistos em Zootecnia, devido a possivel existéncia de correlagdes entre as
observacdes realizadas no mesmo individuo, como observado nos dados
experimentais da area de Nutricao, e entre individuos aparentados, como se nota nos
dados provenientes da area de Melhoramento Genético. A grande vantagem desses
modelos é possibilitar a correcdo da variacdo intra-individuo em medidas tomadas,
por exemplo, em periodos ou pontos diferentes ha mesma unidade experimental,
tornando assim essa teoria essencial para a analise de experimentos (Pinheiro 1994).

Outra classe de modelos muito utilizada em Zootecnia é a de modelos néo-
lineares, a qual envolve de forma geral uma gama enorme de fungdes matematicas
gue sado ajustadas a dados experimentais com o objetivo de descrever trajetérias de
curvas de producéo, como, por exemplo, curvas de crescimento, de lactacdo e de
producado de ovos, bem como a cinética de degradacéo e passagem dos alimentos in
Vvivo e in vitro geralmente avaliada em experimentos da area de nutri¢ao.

Embora essas duas classes de modelos sejam de grande relevancia para a
andlise de dados zootécnicos, a combinacdo das mesmas proporciona uma classe
ainda mais poderosa, a dos modelos néao-lineares mistos, a qual possibilita descrever
trajetdrias de interesse por meio de modelos ndo-lineares e, simultaneamente, efetuar
correcdes da variacao intra-individuo por meio da adocéo de estruturas de covariancia
especificas.

O uso de softwares estatisticos para a analise de dados é de grande
importancia no que se refere a andlise e a interpretacdo de resultados. Embora
softwares estatisticos consagrados como o SAS venham sendo amplamente
utilizados para a analise de dados experimentais zootécnicos, atualmente ha um
grande incentivo ao uso dos chamados softwares livres (gratuitos), dentre os quais se
destaca o R (R Core Team, 2013) por apresentar grande versatilidade na analise de
dados nas mais variaveis areas da ciéncia. O grande diferencial desse software em
relacdo a outros softwares estatisticos livres € que o mesmo apresenta codigo fonte
aberto, possibilitando a modificacdo e também a criacdo de novos pacotes que
possuem procedimentos desenvolvidos por seus usuarios.

Diante do exposto, objetiva-se verificar a equivaléncia entre o programa SAS e
o R na analise de dados obtidos em delineamentos experimentais zootécnicos

contemplando modelos n&o lineares e ndo-lineares mistos.
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2. Revisao de literatura

2.1 Modelos lineares mistos (MLM)

Muitos modelos estatisticos podem ser expressos como modelos lineares que
incorporaram tanto efeitos fixos, que sdo parametros associados a populacéo, ou a
certos niveis controlaveis de fatores experimentais, quanto efeitos aleatorios, que
estdo associados as unidades experimentais tomadas aleatoriamente a partir de uma
populacdo. Os niveis dos efeitos aleatérios podem ser considerados as proprias
unidades experimentais, conforme a sua hierarquia (Littell et al., 2006; McCulloch &
Searle, 2001). Um modelo contendo efeitos fixos e efeitos aleatérios é chamado de
modelo misto. Esses modelos séo utilizados principalmente para descrever as
relacdes entre a varidvel resposta e covariaveis que agrupam dados longitudinais, em
medidas repetidas e delineamentos com efeitos de blocos (Pinheiro & Bates 2000).

Efeitos fixos sdo constantes desconhecidas a serem estimadas a partir dos
dados observados. Efeitos aleatérios governam a estrutura de variancias e
covariancias da variavel resposta. Efeitos aleat6rios ocorrem em dois tipos de

circunstancias (Crawley, 2007):

e Estudos de observacdo com estrutura hierarquica;

e Experimentos projetados com diferentes escalas espaciais e temporais.

A abordagem hierarquica permite a inclusdo da informacdo dos efeitos
ambientais sistematicos, das relacdes de parentesco entre animais e das correlacées
com outras caracteristicas na estimacdo de parametros genéticos e nao genéticos de
variaveis subjacentes (parametros de modelos mateméticos -lineares ou néo lineares-
ou funcdes derivadas destes, que possuem interpretacdo biolégica) inerentes a
processos produtivos longitudinais, como a curva de producédo de leite e a curva de
crescimento (Varona et al., 1997).

Efeitos fixos podem ser associados a covariaveis continuas, tais como peso,
producdo de leite, altura, ou status socioeconémico, que levam em valores de um
intervalo continuo, ou com fatores tais como género, sexo, ordem de parto ou grupo

s

de tratamento, que séo categoricos. Estimativa desses parametros em MLM é
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geralmente de interesse intrinseco, porque indicam as relagdes das covariaveis com
a variavel continua resultante (West, Welch e Gallechki, 2007).

Quando os niveis de um fator podem ser considerados como tendo sido
amostrados a partir de um espaco de amostra, de tal modo que cada nivel especifico
ndo é de interesse intrinseco (por exemplo, salas de aula ou clinicas que sao
escolhidas ao acaso, a partir de uma populacdo maior de sala de aula ou de clinicas),
os efeitos associados com o0s niveis desses fatores podem ser modelados como
efeitos aleatorios de um modelo misto.

Nos modelos lineares mistos, efeitos fixos sdo usados para modelar a média
de “y” enquanto os efeitos aleatorios governam a estrutura de varidncia-covariancia
de “y". Uma vez que os dois tipos de efeitos (fixo e aleatério) sdo diferentes e, por
isso, devem ser tratados de forma diferente ao analisarmos os dados, faz-se
necessario identificar qual elemento sera considerado como fator de efeito fixo e qual
serd fator de efeito aleatério (McCulloch & Searle ,2001).

Efeitos aleatdrios surgem quando temos mais do que uma observacdo em uma
unidade experimental (ou grupos de semelhantes unidades experimentais). Porque
esperamos que as unidades variem de forma independente, teremos entao
observacgdes correlacionadas dentro de uma unidade. Talvez o exemplo mais comum
seja ter varias medicbes em um unico individuo, uma vez que elas tendem a ocorrer
ao longo do tempo, ao que chamamos medidas repetidas ou estudos de dados
longitudinais. Porque temos observa¢des dentro das unidades, e as unidades podem
ser eles proprios em grupos, 0s cientistas sociais tendem a se referir a essa analise

como de varios niveis (Goldstein, 1995).

2.2 Modelos mistos com medidas repetidas no tempo

Uma aplicacdo comum de modelos mistos € a analise de covariancia de dados
de curva de crescimento com efeitos aleatorios, resultante de diferentes medidas de
alguma caracteristica ao longo do tempo (Pinheiro & Bates 2000). Este agrupamento
dos dados é chamado de medida repetida. O termo refere-se a conjuntos de dados
com medi¢des multiplas de uma variavel resposta na mesma unidade experimental
(Littell et al., 2006). Estudos de medidas repetidas séo projetados para registrar as
medi¢cbes ou observacdes de uma unidade, por exemplo, um individuo ou local, a um
namero de pontos temporais, a fim de avaliar o seguimento de tendéncia, ou a

mudanca ao longo do tempo (Peters & Mengersen 2008).
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Na andlise dos dados de medidas repetidas, sao definidos como os dados
recolhidos em cada individuo em duas ou mais ocasides. Os métodos de andlise
destes dados foram tipicamente desenvolvidos para a situacdo em que o0 numero de
ocasifes € pequeno comparado com o numero de sujeitos. Experimentos com dados
longitudinais sdo largamente utilizados por, pelo menos, trés razbes: (1) para
aumentar a sensibilidade do teste; (2) para estudar as altera¢des ao longo do tempo,
e (3) para utilizar eficientemente sujeitos, uma vez que sao incluidos no estudo
(McCulloch & Searle ,2001).

Essa abordagem para a andlise de medi¢cBes repetidas pode tratar a falta de
dados e também permite que 0s usuarios modelem a estrutura de covariancia dos
dados. Assim, esse procedimento permite selecionar a estrutura de covariancia mais
adequada antes de testar as habituais hipéteses de medidas repetidas. A primeira
dessas vantagens ndo é uma questao pertinente para os experimentos controlados,
pois os dados nesses contextos séo raramente perdidos ao longo das observacdes.
A segunda consideracdo, no entanto, poderia ser mais relevante para o0s
pesquisadores, pois a modelagem da estrutura de covariancia correta dos dados deve
resultar em melhores testes dos parametros dos efeitos fixos (Keselman et al, 2001).

Em projetos com delineamento de blocos casualizados, os tratamentos s&o
randomizados para unidades dentro de um bloco. Isso faz com que todas as
observacdes dentro de um determinado bloco sejam igualmente correlacionadas.
Mas, em experimentos de medidas repetidas, duas medi¢des efetuadas em pontos de
tempo adjacentes s&o tipicamente mais correlacionadas do que duas medidas
tomadas varios periodos separados. Modelar uma estrutura de covariancia apropriada
€ essencial para que a inferéncia seja valida sob a forma de testes de hip6teses e
intervalos de confianca que serao feitos sobre os tratamentos (Littell et al., 2006).

Um exemplo séo os dados de crescimento da curva, como peso mensurado de
bovinos, suinos, entre outros animais, durante sua vida produtiva. Outro exemplo é o
de dados de curvas de lactacdo de cabras no decorrer do periodo de lactacao.
Medidas repetidas também pode se referir a multiplas medi¢ges ao longo do espaco,
tais como espessuras das vértebras dos animais. De um modo geral, os dados sao
medidos repetidamente ao longo do tempo ou espaco (Littell et al., 2006). Nesses
estudos, as variaveis respostas podem ser continuas (peso, ganho de peso, consumo,
conversdo alimentar etc.) ou discretas (contagem de algum evento, presencga ou

auséncia de algum sintoma etc.). As unidades experimentais como individuos,



14

plantas, animais, canteiros etc. podem estar classificadas em diferentes grupos,
segundo um ou mais fatores (ou tratamentos) como sexo, tipo de ragcdo consumida,

densidade de plantio, espacamento entre linhas de plantio etc (BARBOSA ,2009).

2.3 Modelos de Regressdo Nao-Linear

Por definicdo, um modelo de regressdo é ndo-linear se pelo menos um dos
seus parametros aparecem de forma ndo-linear. E uma forma de anélise
observacional em que os dados sdo modelados por uma fungdo que € uma
combinacgéo ndo-linear de parametros do modelo e depende de uma ou mais variaveis
independentes. Os dados sdo ajustados geralmente pelo Método dos minimos
quadrados ou por algum método de aproximacgdes sucessivas. O modelo de regressao
nao-linear pode ser descrito da seguinte forma:

yi = f(x,0°)+¢& ,i=1,..n Eq.1

Na qual:
y; representa a observacéo da variavel dependente;
f (xi,08°) é afuncao esperanca ou funcéo resposta conhecida;

xi representa a observacao da variavel independente;

0° = [9{’, 69, ...,0,3]' € um vetor de parametros p dimensional desconhecido; e

i representa o efeito do erro aleatorio ndo observavel suposto, com média zero
e variancia desconhecida o2 .

Considerando um conjunto de dados consistindo de n pares (x4, y1),- -+, (X, Yn)-
(O nimero de parametros em que ocorre em f deve ser menor do que o numero de
observacfes. Isto é, p <n, é a situacao ideal em que tanto os valores preditos
X4, ..., Xy € 0S valores de y,, ..., v, S80 observados sem erro. Na realidade, havera erros
de medicdo que distorcem a imagem tal que nenhum dos pares (xq,v1),..., (Xn, Yn)
sera ajustado exatamente, supondo que o valor x; é utilizado para prever o valor de
y; de acordo com a Eq 5, com adi¢ao dos erros de medicao (Ritz & Streibig, 2008).

Deve-se ter algum conhecimento prévio sobre que tipo de funcédo f deve ser
utilizada (pelo menos aproximadamente). Assim, os métodos de regresséao néo linear
sdo adequados para a analise de dados para as quais existe uma relacdo empirica ou

estabelecida teoricamente funcional entre a resposta e o predito.
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Cada medicéo sera distorcida por algum erro relacionado com o processo de
medicdo. A observacdo y; serd diferente da média esperada E (y; | x;) por certa
guantidade, que iremos designar ¢;. Assim, de acordo com Seber & Wild (2003), a
especificacdo completa do modelo da relacdo entre a resposta e o predito € dada pelo

modelo de regressao nao linear:

yi = EQilx) + & = f(x,B) + &, Eqg.2

O termo ¢; € o erro para a i-ésima observacao, isto €, a distorcdo em resposta
a y; distante do valor esperado f(x;, f) causada por vérias fontes desconhecidas de
variacdo. O erro ¢; varia de medicdo para medicdo. Tipicamente, 0s erros séo
assumidos como normalmente distribuidos com média zero e desvio padréao
o desconhecido.

Os modelos estatisticos que descrevem a degradacdo ruminal por técnicas com
enfoque metabdlico sdo classificados como modelos de regressdo ndo-linear e
apresentam algumas peculiaridades quanto ao procedimento de ajuste. Souza (1998)
cita que, de forma semelhante aos modelos lineares, o processo de estimacao de um
parametro, em um modelo ndo-linear, pode ser obtido pela minimizagdo da soma de
quadrados dos erros, obtendo-se o sistema de equacdes normais nao-linear, o qual
nao apresenta uma solucado explicita para a estimativa do parametro, que é obtida por

processos iterativos.

2.3.1 Estimacao dos parametros dos modelos nao-lineares

Para ajustar os modelos de regresséo nédo-linear sera utilizado o método dos
quadrados minimos ordinarios cujas solucfes foram obtidas por meio do processo
iterativo de Gauss-Newton.

2.3.1.1 Método dos minimos quadrados ordinarios

Considerando o modelo, tem-se:

i = f(x,0°)+ & i =12..,n,

em que:
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Y1 f (XL',H{)) &1
Vi = y2 f (x,6°) =[f (xi:,BS)Lgi = 8'2
n lr o] Les

A soma dos quadrados dos erros aleatorios (SQE) devera ser minimizada por
0, portanto a fungcédo de minimos quadrados pode ser representada matricialmente

por:

SQE(0) = [y — f(O)]'ly: — f(6)]

Segundo Souza (1998), em modelos ndo-lineares néo se pode fazer afirmacoes
gerais sobre as propriedades dos estimadores de quadrados minimos, tais como nao
tendenciosidade e variancia minima, exceto para grandes amostras, os chamados
resultados assintéticos. Para uma melhor compreensdo do processo de obtencao

destes estimadores, utilizou-se a seguinte notacao de diferenciacdo matricial:

f1(0) [af1(9)/691 0f1(0)/06, - af1(9)/60p]
- (6) 0£,(6)/06, 0£,(0)/36, .. 3f,(6)/06,]

em que:

f(6) é uma funcéo vetor coluna n x 1 de um argumento p dimensional 6, e F(0)é a

matriz Jacobiana de f(6). Dessa forma, o estimador de minimos quadrados, 6,

. ~  OSQE(6 . - .
satisfaz a equacao ??6( ) =0, a qual representa a minimiza¢cao de interesse.
0=06r
0SQE(0) @

Sendo,

22 = [y — O [y — £(0)] = —2[y; — F(O)]F(6), tem-sF'(B)[y; -

f(@)] = @e.. Portanto, o sistema de equac¢fes normais (SEN) é dado por:

0f2(6)/06, 0f,(6)/06, .. 0f,(6)/06,| f2(6)

df1(6)/00, 0df,(0)/06, - 0f1(8)/06, Y1 £,(0) 0
wl le@l/ o

0%,(60)/06, 9£,(6)/36; .. 3£,(6)/36,
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2.3.1.2. Processos iterativos e método dos minimos quadrados

Para o SEN ndo-linear acima ndo existe uma solucao explicita, sendo assim a
solucéo para o sistema deve ser obtida por meio de processos iterativos. Um dos
meétodos iterativos € a linearizacdo da funcéo néo-linear, chamado Método de Gauss-
Newton, o qual se resume ao seguinte procedimento.

Seja 0 modelo ndo-linear y; = f (x;,0°)+ &, e 6, um valor tal que
F'(8)|y; — f(8)] = 0. Aproximando f(8) pelo ponto 8, por uma TSA (Taylor Series

Expansion) de 12 ordem, tem-se:
() ~ f(80) + F(6)(9 — 6,) Eq.3
F'(é)b’i —f(é)] =0 Eq.4

Aplicando (2) em (3): F'(8)[y; — f(8)] =0 — F(8)(6 — 6,) ~ @, e multiplicando

a esquerda, ambos os lados da igualdade, por [F’(é)]_l, obtém-se:
¥i = f(80) = F(80)8 + F(6)8o ~ 0.

Logo, F(8,)8 ~ F(8,)8, + [y: — f(8,)]. Multiplicando novamente & esquerda, ambos

os lados da igualdade, por [F(8)] ", verifica-se que: 8 ~ 8, + [F(8)] 'y; — £(B,).

Fazendo 8 = 0,.,, e 8, = 8,, tem-se para a k-ésima iterac&o, a expressao (10),

a qual representa o processo iterativo conhecido como Gauss-Newton:

Oeir = O+ [F(O)] 'y — £(B) Eq.5

Este processo iterativo prossegue até que algum critério adotado para

convergéncia seja atingido.

2.4 Modelos néo lineares mistos

Os modelos néo lineares mistos sdo aqueles em que alguns ou todos os efeitos
aleatorios e fixos podem ocorrer de forma néo linear, em funcdo do modelo. Eles
podem ser considerados como uma extensdo de modelos de regressao nao linear
para dados independentes e como modelos em que a esperanca condicional da
resposta dada aos efeitos aleatorios € permitida para ser uma funcéo nao linear dos

coeficientes (Bates e Watts, 1988).
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Por exemplo, suponhamos que os dados experimentais estdo na forma de
medicdes repetidas sobre a resposta e as variaveis explanatérias de varios assuntos,
e que deseja ajustar um modelo que representa, simultaneamente, a estrutura média
global néo linear, bem como a variabilidade entre e dentro dos sujeitos. Esta situacao
exige um modelo ndo-linear misto.

Modelos néo-lineares s&o aqueles que o0s parametros possuem uma
interpretacdo fisica natural. Geralmente incorporam caracteristicas tedricas dos
dados, tais como assintotas e monotonicidade. Um modelo néo linear geralmente usa
menos parametros do que um modelo linear concorrente, dando uma descrigdo mais
parcimoniosa dos dados. Modelos néo lineares também fornecem previsées mais
confiaveis para a variavel de resposta fora do intervalo observado dos dados (Pinheiro
& Bates, 2000). Uma funcao de probabilidade aproximada precisa ser usada para a
estimativa dos parametros, que conduz a algoritmos de estimacéo
computacionalmente mais intensos e com os resultados de inferéncia menos
confiavel.

Entretanto, existem mais semelhancas do que diferencas entre modelos
lineares mistos e modelos néo lineares mistos. Ambos os modelos s&o usados com
os dados agrupados e tém a mesma finalidade: descrever uma variavel resposta em
funcdo de covariaveis, tendo em conta a correlacdo entre as observacdes no mesmo
grupo. Os efeitos aleatérios sdo usados para representar, dentro do grupo,
dependéncia em ambos os modelos, e as suposicdes sobre os efeitos aleatorios e os
erros dentro do grupo séo idénticos nos dois modelos (Pinheiro & Bates, 2000)

A aplicacdo mais comum dos modelos n&o lineares mistos € para medidas
repetidas de dados em particular, os dados longitudinais. Proposto por Lindstrom e
Bates (1990) pode ser considerado como um modelo hierarquico, sendo este

modelado como:

yij: f(d)ij!vij) + Eij'i: 1,...,M,j = 1,...,Tll',

no qual M é o numero de grupos, n; € o0 numero de observacdes sobre o grupo i, f €
um modo geral, a funcdo de valores reais, diferenciavel de um grupo especifico de

parametros vetor ¢;; € uma covariavel vetor v;;, e €;; € uma distribuicdo normal dentro

do grupo-termo de erro. O vetor ¢;;, que modelado como:
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¢ij = AijB + Byjb, b; ~ N(0,9¥),

Sendo g um vetor p-dimensional de efeitos fixos e b; € um vetor efeitos aleatério com
dimenséo g associado com o grupo i (ndo variando com j) com variancia-covariancia
matriz 1. As matrizes A;; e B;jdependem do grupo e possivelmente sobre os valores
de algumas covaridveis na j-ésima observacdo. Este modelo é uma generalizacéo
descrita por Lindstrom e Bates (1990), em que A;; e B;; podem depender de ;.
Assume-se que as observacdes correspondentes a diferentes grupos sé&o

independentes e dentro do grupo dos erros ¢; que sdo independentemente

distribuidos como N(0, 6?) e independente de b;.

Yi1 dir €i1 fir (i1, vi1)
yvi=( % o= ¢ Lea=| ' |ifildi,v)= 5
Yini Dini €ini fini(Dini » Vini)
Vi A Bi1
Vi = : ;Ai = ;Bi =
Vini Aini Bini

Esses modelos apresentam-se como uma ferramenta flexivel para analise de
dados agrupados por meio da modelagem da correlacéo entre observagdes dentro de
um mesmo grupo, fato este que é frequentemente observado em estudo de curvas de
crescimento, lactacédo ou producdo de ovos em animais.

O estudo de curvas de crescimento é ainda mais atraente, pois os modelos
nao-lineares séo flexiveis o bastante para serem utilizados com dados de peso e de
idade, pelo fato de envolverem caracteristicas inerentes aos dados de pesagens, tais
como: a) as pesagens podem ser irregulares no tempo, isto €, o intervalo entre duas
medidas consecutivas quaisquer ndo é necessariamente equidistante; b) possuem
estrutura incompleta; c¢) as avaliacbes adjacentes sdo mais estreitamente
correlacionadas do que as demais; e d) a resposta dos individuos em funcéao do tempo
tem variancia crescente.

Uma forma pratica e eficiente de se analisar o crescimento do animal é por meio
do estudo de suas curvas de crescimento, as quais descrevem uma relacéo funcional
entre peso e idade (SILVA et al., 2001). Geralmente, tal relacdo é representada por

modelos de regressdo nao-lineares, 0os quais, em sua maioria, apresentam 0s
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seguintes parametros (SILVA et al., 2004): peso assintético, que representa o peso
médio & maturidade, ou peso adulto; taxa de maturidade, que representa a taxa de
crescimento, de forma que, quanto mais alto for o seu valor, maior a taxa de
crescimento (BROWN et al, 1976); ponto de inflexdo, que se refere ao momento em
que o animal muda de uma fase de crescimento acelerada para uma fase de
crescimento inibitéria; por dltimo, a constante integracdo, a qual ndo apresenta uma

interpretacdo bioldgica direta.

2.4.1 Método da maxima verossimilhanca

Este método foi introduzido por Fisher em 1922 e seu objetivo é buscar valores
dos parametros que maximizem a funcdo de verossimilhanca. E um método
numericamente intensivo, seus estimadores possuem propriedades assintéticas
Otimas; contudo, para sua utilizacéo, é necessario conhecer a distribuicdo conjunta de
& (Eq.2)

Para os N individuos, a funcdo verossimilhanca assume a forma:

L(ﬁ! E,D) = ?I:lfi (yilbi;xi:ﬁ; E)f(bllD)dbu Eq6

no qual f;(y;|b;, x;, B, &) é a densidade de y; condicional a b; e f(b;|D) a densidade de
b;.

A maximizacdo de EQ.6 envolve o célculo de N integrais no espaco q
dimensional do vetor dos efeitos aleatorios, b;. A ndo linearidade de f; significa, em
geral, que esse calculo ndo tem uma solucao analitica, pelo que tem de se recorrer a
técnicas de célculo numérico.

Os algoritmos para maximizar L(B,¢&,D) requerem métodos de célculo de
integrais que podem ser computacionalmente intensivos e, portanto, existem varias
limitagcbes. De forma a tornar a otimizagdo da funcdo de verossimilhanca de um
problema “tratavel”, foram propostos varios métodos (Davidian & Giltinan, 1995;
Pinheiro e Bates, 2000)

2.5. Avaliadores da qualidade de ajuste
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2.5.1 Coeficiente de determinacéo ajustado (Rﬁj

E usado para comparar a qualidade do ajuste de modelos com diferentes

nameros de parametros (p). Sua férmula é dada por:

R =R - (22) 1 - R),

Eq.7
em que:
SQR
SQT

n
—~\2
SQR =) (%~ 7)
i=1
€ a soma de quadrados do residuo,
Y, = f(x0),
SQT = Y™ ,(Y; — Y,)? é a soma de quadrados total,

n € 0 numero de observacdes utilizadas para ajustar a curva e p € o nhamero de

parametros na funcéo, incluindo o intercepto.

2.4.2 Critério de informacao de Akaike (AIC)

Permite utilizar o principio da parcimonia na escolha do melhor modelo, ou seja,
de acordo com este critério nem sempre o modelo mais parametrizado é melhor
(BURNHAM e ANDERSON, 2004). Menores valores de AIC refletem um melhor ajuste
(AKAIKE, 1974). Sua expressao é dada por:

AIC = =21og L(B) + 2 (p), Eq.8

em que: p € o niumero de parametros e loglike o valor do logaritmo da fungéo de

verossimilhanca considerando as estimativas dos parametros.

2.4.3 Critério de informacéo de Akaike corrigido — AICc
Bozdogan (1987), propss a seguinte correcdo para o AIC:
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AlCc = —21log L() + 2 (p) + 228D Eq.9

n-p-1’
na qual n representa o numero de observagoes, log L(é) € o0 logaritmo da
verossimilhanca(MV ou MVR) e p representa o nimero total de parametros de efeito

fixo e aleat6rio estimado no modelo

2.4.4 Critério de informacao bayesiano (BIC)
Assim como o AIC, também leva em conta o grau de parametrizacdo do
modelo, e da mesma forma, quanto menor for o valor de BIC (SCHWARZ, 1978),

melhor seré o ajuste do modelo. Sua expresséo é dada por:

BIC = —2logL(8) + p log(n) Eq.10
em que: n é o numero de observacdes utilizadas para ajustar a curva.

Critérios AIC, AICc e BIC possuem como vantagem a possibilidade de realizar
comparacdes de multiplas hipoteses e ndo apenas rejeicdo e ndo-rejeicdo e uma
hipétese nula.

2.5 Introducédo ao R
O R pode ser considerado como uma implementacao da linguagem de S, que foi
desenvolvido nos Laboratorios Bell por Rick Becker, Chambers e John Wilks Allan, e
também forma a base dos sistemas S-Plus (Chambers, 1998). R comecou a ser
desenvolvido por Robert Gentleman e Ross Ihaka do Departamento de Estatistica da
Universidade de Auckland, na Nova Zelandia, mais conhecidos por “R & R”, apelido
do qual originou-se o nome R do programa. O objetivo inicial de “R & R”, em 1991, era
produzir um software para as suas aulas de laboratério baseado na ja revolucionaria
linguagem S, utilizada pelo software comercial S-Plus criado por Jonh M. Chambers
da AT&T, que, atualmente, vem contribuindo para o aperfeicoamento e ampliacao das
analises estatisticas do R. Todos os cientistas, incluindo, em particular, aqueles que
trabalham em paises em desenvolvimento, tém agora acesso a ferramentas para
analise estatistica dos dados, sem custos adicionais (Everitt e Hothorn ,2010).
Assim o R tornou-se uma importante ferramenta na analise e manipulacdo de
dados, modelagem linear e néo linear, analise de séries temporais, analise de
sobrevivéncia, simulacéo e estatistica espacial, e elaboracédo de diversos tipos de

gréaficos, além de outras funcgdes.
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2.6 Introducéao ao SAS
Em 1966 havia a necessidade de um programa de estatistica computadorizada

para analisar grandes quantidades de dados coletados pelo Departamento de
Agricultura dos Estados Unidos (United States Department of Agriculture — USDA). O
desenvolvimento do software foi extremamente importante para os membros da
University Statisticians Southern Experiment Stations, um consorcio de oito Land
Grant-universidades que receberam a maior parte de seu financiamento de pesquisa
do USDA.

O SAS teve seu inicio no meio académico, em 1976, durante um projeto de
doutorado de Jim Goodnight (CEO do SAS) e trés de seus colegas da Universidade
da Carolina do Norte, Estados Unidos. Encontra-se hoje inserido, ndo apenas na
Agricultura, mas nas mais diversas areas de negocios e pesquisas - de empresas
farmacéuticas e bancos para entidades académicas e governamentais. Seu
desenvolvimento atingiu novos patamares na industria por permitir ser executado em
todas as plataformas (http://www.sas.com/company/about/history.html).

O SAS é um sistema integrado de aplicacbes para a andlise de dados que
consiste de: Recuperacao de dados, Gerenciamento de arquivos, Analise estatistica,
Acesso a Banco de Dados, Geracao de gréficos, Geracdo de relatorios. Trabalha com
guatro acfes basicas sobre o dado: Acessar, Manipular, Analisar e Apresentar. Pode
ser instalado em diversos ambientes operacionais disponiveis no mercado, sendo 0s
programas e arquivos portaveis para qualquer um desses ambientes

(http://www.sas.com/company/about/ history.html).
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CAPITULO 1

O capitulo a seguir corresponde a um artigo integrante desta dissertacdo submetido
como manuscrito ao periddico “Agricultural Systems” (ISSN: 0308-521X) e, como tal,
sua redacéo e edicao foram preparadas segundo as normas deste peridédico, normas
essas constantes na pagina do mesmo na rede mundial de computadores conforme o
enderecgo a seqguir:

http://www.elsevier.com/journals/agricultural-systems/0308-521X/quide-for-authors

Data de acesso: 15/01/2014
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Abstract. Growth and digestion kinetics in ruminants were used as reference problems of
nonlinear phenomena in animal science to be interpreted with nonlinear models. The
statistical packages R and SAS were compared in terms of nonlinear parameter estimation
with nonlinear least squares algorithm and maximum likelihood. Programs used were
functions nls2 and nlme of R, and procedures NLIN, %NLINMIX macro, and NLMIXED of
SAS. The quality of fit of the models to the kinetics and growth data were evaluated by
means of likelihood criteria. The NLIN and nls2 yielded nonlinear parameter estimates
almost equal in terms of scale; nevertheless, the interval estimates obtained with nls2
were within those estimated with PROC NLIN. The degradation of fiber and passage
kinetics were predicted with very small numerical differences both in terms of scale and
dispersion estimates. The algorithms differed in terms of the value of the likelihood
function whenever heterogeneous variances and correlations were fitted with likelihood
probability; for homogeneous variances, the likelihood function was identical. The
number of possible combinations of parameters fitted also differed between nlme and
%NLINMIX macro. Fortunately, the conclusions reached by fitting growth models with R
and SAS were the same. Nonetheless, the only function that allows the prediction of any
function of the nonlinear parameters is the NLMIXED of SAS. The prediction of those
parameter functions are crucial in the quantification of animal performance and
consumption of raw materials, essential to the planning of animal science systems. We
hope that these limitations will be overcome in the near future.

Keywords. Nonlinear mixed models, Nonlinear models, Digestion kinetics, Growth
models, R-project, Statistical Analysis System.
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1. Introduction

One can depict from the basic writings of Bertrand Russell that Logic and pure
Mathematics are a priori non-empirical accumulated knowledge that elides from the
sensory experience (Russell, 2009). The same cannot be said about Applied Mathematics,
Statistics, and Computational science because these and other “exact” sciences that we
have been using for quantitating many biological phenomena (including those of interest
in animal science) are paradoxically linked to the idea of “approximation”. In addition, the
proper domestication of the measurement error is necessary for progressively
strengthening hypotheses into broader generalizations. Scientists embraced this quest for
at least 300 years. Statisticians, in particular, have been dealing with variance estimation
problems since the 1800’s, with major advancements in the mixed model estimation by
Maximum Likelihood occurring only in the late 1960’s (Searle et al., 1992). But as
computer hardware and software improved, so was the computational methods based on
better algorithms that allow us modelling variations that was very hard to do before,
despite the fact that many statisticians were well aware about these problems in the past
and have advised researchers about the problems of variance estimation and control of
the experimental error. An example is the quandary created when repeated measures are
taken on the same experimental unit over time (Gill, 1981). Many experiments in animal
science are based on measurements taken repeatedly in space or time that urge proper
quantification for an adequate estimation of variability and co-variability (Littell et al,,
1998; Littell et al., 2006). Digestion kinetics studies and growth measures in ruminants
are examples of experiments in which several repeated measures yield time trends that
can be interpreted with mixed models methodology, but the problem needed further
developments until animal scientists become capable of establishing broaden inferences

(Littell et al., 1998; Strathe et al., 2010; Zanton and Heinrichs, 2009).
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Many achievements in animal science, as well as in other knowledge fields, came
first than the development of personal computers. At the risk of excluding many great
names in animal science, the mathematical formulations and the factual quantitative
description of several nonlinear phenomena, including growth and ruminal kinetics, are
easily found in the textbooks of Brody (1945) and Hungate (1966), and influential papers
such as Blaxter et al. (1956). The process of nonlinear parameter estimation in those
works was confined to treat time profiles generated from measuring digestion and flow
of particles and growth trends by approximations with logarithmic transformations and
yet, by doing so, they contain great strides and generalizations currently valid.
Nonetheless, the achievements of computer science in both hardware and software are
opening a large avenue for the new generation of animal scientists so that they can be
perform novel approaches to traditional problems and enlarge inferences and generate
new facts. An example is the recently revisited relationship between heat production and
body mass by Hui and Jackson (2007), who used weighted least squares to estimate
nonlinear parameters that scales the metabolic rate of animals including those of
economic interest.

The two problems studied here, namely digestion kinetics and growth phenomena,
were addressed by the perfected algorithms used to estimate nonlinear parameters by
considering time profiles as fixed results (e.g., digestion and passage kinetics) or as
random samples from a larger population (e.g., growth). These two problems offer the
possibility of estimating nonlinear parameters by ordinary nonlinear least squares so that
estimates can be applied to make inferences on mechanistic models used to predict
nutritive value of ruminant feeds (Fox et al., 2004; Tedeschi et al., 2010; Tylutki et al.,
2008), and to predict growth (Littell et al., 2006; Vonesh, 2012) for selecting animals,

quantifying animal needs, performance, and for providing relevant information to the
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planning of the production system (Tedeschi et al., 2011). Two of the most popular
software that can be used to accomplish this task is the Statistical Analysis System (SAS
System, Inc., Cary, NC, USA) and the R-project (Team, 2013). Nonetheless, although some
researchers have reported the programmed routines for fitting the problems that were
addressed here, a more complete description of the performances of both tools given
equal operational conditions has not been published yet, so that animal scientists can be
completely aware of each program pros and cons. Therefore, our goal was to compare R
and SAS procedures for fitting nonlinear models to interpret growth of body mass and
digestion kinetics of fiber in ruminants.
2. Materials and methods

Fiber degradation profiles obtained from in situ (rumen) studies, marker excretion
profiles obtained from fecal samples taken directly in the rectum of ruminants during
digestion trials, and growth profiles of Santa Ines male and female lambs form the three
respective datasets used in the present study.
2.1. Interpretation of degradation profiles

Vieira et al. (2012) studied long-term in situ degradation profiles of the neutral
detergent fiber (NDF) of selected plant forages, and three profiles used by those authors
were taken for comparison of the statistical fits of the nonlinear models. The chosen
profiles contained 19, 18, and 18 time points, and the three profiles started at time zero
and ended at 240, 192, and 144 h, respectively. The profiles resembled a sigmoid
decreasing pattern that reaches asymptotically an indigestible fraction or residue. The
model used to mimic these profiles was conceptually deduced by Vieira et al. (2008a), as

follows:

R, = A(8Ne exp(—kyt) + exp(—Aqt) X0 (1 = 8Na~H) (1)1 /i) + U + e, Eq. (1)
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This model belongs to a class of mechanistic models with stochastic elements usually
named as GNG1 degradation models (Ellis et al., 2005; Ellis et al., 1994; Vieira et al,,
2008a). The variable R; (dimensionless) is the residual NDF at time t (h). Parameters A
(dimensionless) is the NDF fraction available for digestion, 4, (1/h) is the fractional rate
of preparation of the substrate A to be degraded, k; (1/h) is the fractional degradation
rate, U (dimensionless) is the unavailable or indigestible fraction of NDF, and N, is a
positive integer that represents the order of time-dependency of the dynamic lag process.
The constant & = A4,/(A, —ky) simplifies the expression, and e, are unknown
independently and identically distributed normal errors, i.e., e,~Niid (0, 02).
2.2. Interpretation of particle passage kinetics

We used two fecal excretion profiles of Chromium (Cr) and one profile of
Lanthanum (La) as particulate markers obtained from unpublished digestion trials
performed in our laboratory as examples for fitting procedures. The GNG1 series of
stochastic statistical models (Matis, 1972; Matis et al., 1989) were used to interpret fecal
excretion patterns of the concentration of the particulate markers in the feces of cattle
(Cr, one profile) and sheep (one Cr and one La profiles), as follows:
C:=e,05t<7 Eq. (2)
Ce = Cok(8" exp(—kt*) — exp(—At) XL, (ST AtHNI/(N=D)!)) + e, t =T Eq. (3)
To simplify the expression, § = A/(A — k) and t* = t — 7. Variable C; is the concentration
(mg/kg) of the particulate marker in the fecal dry matter at a given time t (h). Parameter
C, represents the marker concentration in the first compartment or raft. The kinetic
parameters A (1/h) and k (1/h) are the fractional rate of transference of particles from
the raft to the second compartment or pool of escapable fluid-diluted particles and the
fractional passage rate of particles eligible to escape the pool of fluid-diluted particles

though the reticulo-omasal orifice, respectively. The parameter t represents the discrete
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time-delay (h) for a given particle that passed the reticulo-omasal orifice emerge in feces.
Parameter N is a positive integer that represents the order of time dependency for the
transference of a particle from the raft pool to the pool of escapable particles, and e; is the
usual error term (Vieira et al., 2008b).
2.3. Interpretation of growth data with repeated measures

Longitudinal profiles containing 6,779 records on body mass of 168 male and 242
female lambs of the Santa Inés breed (a hair sheep breed from Brazil) characterize the
dataset about growth. Categorical variables recorded were sex, litter size, and year. The
recorded age of the animals ranged from birth to 450-510 days of age. The Richards’s
model (Richards, 1959) or Eq. (4) is general enough to mimic growth profiles of several
species, which is useful for describing quantitatively the growth of farm animals (France
et al, 1996). Therefore, Eq. (4) was the natural choice to represent the general pattern of

the growth of the Santa Inés lambs.

Y, =Yy x Y/ (Y + (Y - Ygh) exp(—ut))l/ " Eq. (4)
The parameters Y, and Y in Eq. (4) are the intercept and the asymptotic estimates of the
masses (kg) at birth and maturity, respectively. The parameter u (1/days) in Eq. (4)
represents the fractional rate of growth, and the parameter m is a size-scaling
dimensionless parameter that scales growth to metabolic processes. Another model that
mimics growth is the Generalized Michaelis-Menten model (Lopez et al., 2000) described
by Eqg. (5).

Y, = (YoK™ + Ypt™) /(K™ + t™) Eq. (5)
Parameters Y, and Y in Eq. (5) have the same biological meaning of Eq. (4); nonetheless,
parameter K represent the age (days) at which half of the adult size is achieved, and m is

a scale, dimensionless parameter. By assuming Eq. (4) or (5) as possible nonlinear
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relationships between growth and time, the complete specification of the models is given
by
Yijig = f(Oi1 tijign) + €ijign- Eq. (6)

In this model, Y;;;, = Y; = f(@l-j,, tiﬂqn) is the expected mean value of growth for a given

jlq
timet,and ®' = [0, 6, 03 6,]isthe transpose vector of the fixed parameters of the
growth function under study, i.e.,, Eq. (4) or Eq. (5). The effect of lamb (uq(iﬂ)) was
considered random and the body mass of the g-th lamb was recorded at the n-th time, so
that there were g = 1, -+, 7, lambs for each i X j X [ combination, and n =1, ---, 7, time
points taken as repeated measures for each one of the g-th lambs within each i X j X [

combination. The fixed effects of the model are sex, litter size, and year of birth. In matrix

terms, this model can be specified as follows:

_91111— 'W10(11 + Wo 1y + vlﬁll + vzﬁlz + X1T11 + xZle_ [ u’ll(ijl) T
02111 W1la1 + Woltay + V121 + V2fan + X1T21 + X272 U21(1j1)
0, = 03111 _ [wiass + woasy + 01831 + v2f55 + X1T31 + X273 n Z31(iﬂ) Eq. (7)
l - - ar ]
! 01114 WiQg1 + Wl + V141 + V2Paz + X141 + X274 416D
[04,,,1  tW1la1 + Woltyy + V141 + Vafaz + X1Tag + X3Typl  [Warg(222) ]

To the four parameters of Eq. (4) or Eq. (5), i.e,, p = 4 as the number of parameters, are

attributed the fixed effects of sex (a;;), litter size (B,;), and year of birth (z,;), and the
random effect of each parameter (ull(iﬂ), ...,uMq(iﬂ)) vp=1,..4i=1,2,j=1,2,and

[ =1, 2. To the indicator variables w;, v}, and x; are attributed the values zero or one to

produce the desired level for each factor that affects the parameters depending on each
i X j X [ combination. For instance, a male lamb (i = 2) from an offspring of twins (j = 2)
in 2010 (I = 2), has its fractional specific growth rate of Eq. (4) equal to the following

linear combination: l,lzzzq = 0(131 + 10(32 + O,Bgl + 1ﬁ32 + OT31 + 1T32 + U3Tq(222); for a

female lamb (i = 1) from a single birth (j = 1) in 2010 (I = 2), the asymptotic growth
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parameter is assumed to be affected as follows: Yf112q = lay; + 0ay, + 16,1 + 006,, +

07,1 + 07y, + Uzr,(112)s and so on. In that case, the possible total number of fixed

parameters estimated for this dataset was pXiXjX[l=4x2x2x2=32. The
number of random parameters will depend on the necessity of ascribing one or more fixed
parameters with random components, which ultimately determine the number of
variance and covariance parameters to be estimated.
2.4. Fitting procedures

The nonlinear models used to describe the kinetics of digestion and passage were
fitted by means of the NLIN procedure of SAS (v.9, release 9.3, SAS/STAT 12.1, SAS
Institute Inc., Cary, NC, USA), by using the function nls2 in the package of the same name
(Grothendieck, 2013) or, whenever necessary, by the function nlsLM of the minpack.lm
package (Elzhov et al., 2013) of the software R ( R Development Core Team, 2013). The
Gauss-Newton algorithm based on the Taylor-series linearization was the primary choice
for fitting the nonlinear models with R, but whenever convergence problems were
detected due to non-positive definite matrices and high correlation among parameters,
the Levenberg-Marquardt algorithm was chosen (function nlsLM of R). The Newton
algorithm was the preferred choice in the NLIN procedure of SAS for fitting
compartmental models of digestion; however, the Marquardt algorithm was chosen to
solve the same problems referred to previously (Vieira et al.,, 2012). The NLIN procedure
and the nls2 programs were chosen to allow the comparison of both algorithms based on
a grid search on the initial parameter estimates. When necessary, the initial estimates
used for fitting the nonlinear models in minpack.Im were based on educated guesses. The
choice of the best GNG1 version for both models of digestion and passage was performed

according to likelihood criteria as described by Vieira et al. (2012).
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The growth models were fitted by using the %NLINMIX macro of SAS and the nlme
package of R with nlme function (Pinheiro and Bates, 2000). The quality of fit of the
growth models were evaluated by computing the same likelihood criteria used for the
previous nonlinear models.

2.4.1. Fitting the nonlinear models by ordinary nonlinear least squares (ONLS)

The following programs were used to fit the GNG1 models used to describe

digestion and passage kinetics with NLIN procedure of SAS:

(1) model for digestion kinetics,

data digest; /* This line names the data file */

input t y; /* Inputs are time (t) and response variable (y) headings
*/

N=1; /* order of time dependency as an additional given input
*/

datalines; /* This line indicates dataset */

...datalines... /* a matrix with column number equal to input variables */

proc nlin data=digest best=3 method=newton; /* call for procedure nlin */
parms /* name parameters and initial values by grid search */
1=.12 to 2.88 by .12 /* 1 represents A, */

k=.01 to .1 by .01 /* k represents kg */

U=.1 to 1 by .1

A=.1 to 1 by .1;

bounds U>0, A>0, 1>k>0; /* Defining feasible bounds for parameters */

d=1/(1-k);

£=0;

if N>0 then do i=0 to N-1;
These lines define the sum in Eq. (1)
f=f+(1-d**(N-1))* ((1*t)**1i) /fact (i)

end;




37

model y=A* ((d**N) *exp (-k*t)+texp(-1*t)*f)+U;

output out=v student=sr predicted=yhat sse=sse;

run; /* end of routine */;
and (2) model for passage kinetics,

data passage;
input time marker;

y=marker;

N=1; /* order of time dependency as a given input */

datalines;

...datalinhes...

’

proc nlin data=passage best=3 method=newton;

parms
tt=8 to 20 by 2 /* tt represents T */
1=.12 to 2 by .05 /* 1 represents A */
k=.02 to .10 by .02 /* k represents k */

C0=500 to 10000 by 500;

bounds tt>0, 1>k>0, CO0>0;

d=1/(1-k);

t=time-tt;

£=0;

if n>0 then do i=1 to n;
f=f+((d**1)* (1*t)** (n-1))/fact (n-i);

end;

if t<=0 then model y=0;

These lines defines the sum in Eq. (3)

else model y=cO0*k* ((d**N) *exp (-k*t)-exp(-1*t)*f);

output out=v predicted=yhat student=sr sse=sse;

run; /* end of routine */.

Equation (2) and (3) form a segmented model and in order to make the marker

concentration inferable to the entire time range, it is necessary to introduce the
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“if...then...else...” command in SAS; otherwise, the optimization procedure seeks for a
minimum sum of squares of errors (SSE) that yields biased parameter estimates
(Mertens and Loften, 1980; Vieira et al., 2008a).

To fit the same series of GNG1 models one can build up a text file containing as
column headings the same inputs for SAS, i.e., t and y for independent (predictor) and
dependent (predictand) variables for both the digestion and passage files. Therefore, we
used the following programs in R:

(3) model for digestion kinetics,

dataset = read.table ("C:\\documents\\R dataset\\digestion.txt™, h = T)
require (nls2) # calls for nonlinear least squares with grid

search #

N=1 # order of time dependency as a given input #
nam=c ()
f="((1-(1/(1=-k))**(N-0))*((L*t)**0) /factorial (0))"

if (N<2) {ff=f

Algebraic Sum in

lelse{ff=f Eq.(l)

for(i in 0:N-1) {nam[i]=paste ("+"," ((1-(1/(1-k))** (N-

",i,M))*((1L*t)*x, i, ") /factorial (", 1,")) ", sep="")}
for(i in 1:N-1)}

ft=(paste ("y~",paste ("A* (((1/ (1-k)) **N) *exp (-k*t) +exp (-

Ixe)* (", ££[1],™))+U")))

stl= expand.grid(l = seq(0.12, 2.88, by =0.12),k = seq(0.01, .1, by =0.01),
U=seg(0.1, 1, by =0.1),A = seq(0.1, 1, by =0.1))

model=nls2 (ft,data=dados, start=stl) #end of routine#;

and (4) model for passage kinetics,

dataset = read.table("C:\\documents\\R dataset\\passage.txt", h = T)
require (nls2)

N=1 # order of time dependency as a given input #
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nam=c ()

ff=c ()

f=c()

f= "((((1/(1l-k))**1)* (1* (times-tt))** (N-1))/factorial (N-1))"

if (N<2) {ff=f - Algebraic Sum in
Eq. (3)

Jelse{ff=f

for(i in 2:N) {nam[i]=paste ("+"," ((((1/(1-k))**", i,

")k (1% (times-tt)) ** (N-",1i,"))/factorial (N-",i,"))",sep="")1}}

for(i in 2:N)

ft=paste ("y~",paste (" (cO*k* (((1/ (1-k))**N) *exp (-k* (times-tt) ) -exp (-

1* (times-tt))* (", ££[1]1,"))) * (time-tt>0)"))

stl= expand.grid(tt = seqg(8, 20, by =2),1 = seq(0.12, 2, by =0.05),
k=seq(0.02, 0.10, by =0.02),c0 = seg(500, 10000, by =500))

model=nls2 (ft, data=dados, start=stl) # end of routine #.

In R, one can separately create a text file containing data in an ordered structure identical
to SAS. In our case, digestion.txt or passage.txt, and the path by which the text files
containing data are located. The summations in Eqns. (1) and (3) in R are expanded as
input texts that enter the program in an algebraic form. The segmented model is fitted in
R by introducing the constraint (time-tt>0) multiplied by the equation in the specified
function (£t) as shown in the preceding program lines.
2.4.2. Fitting the growth functions as nonlinear mixed effects models

There are many program sentences published in the literature in which are
provided the ways to fit Eqns. (6) and (7) that constitute the generalized form of a
nonlinear mixed effects model (Littell et al., 2006; Strathe et al., 2010; Vonesh, 2012).
Nonetheless, due to the large number of parameters fitted, we presented the programs
for Rand SAS in the Appendix. Equations (4) and (5) were fitted with maximum likelihood
(ML) as the estimation method. Nonetheless, because of the larger number of fixed

parameters to be fitted, we obtained nonlinear least squares estimates with the nls2
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function that were used as starting values for nlme and %NLINMIX. The variance-
covariance matrices tested for random factors were the variance components (VC) in SAS,
or equivalently pdDiag in R, and the unrestricted structure (UN) in SAS, or equivalently
pdSymm in R. However, to accommodate variation associated to measures of growth
across the time continuum we used the continuous autoregressive process (CAR(1)) of R
and equivalently the spatial power law (SP(POW)) of SAS. However, we adopted as a basic
model by omitting the “correlation” in the nlme function of R and “type=VC” sentence in
the repeated statement of SAS to check the assumption of independence of errors within
individuals.

We evaluated some hypotheses regarding the quality of fit of the models by means
likelihood criteria (Burnham and Anderson, 2004). First, we tried to fit the complete
specification of the model with “type=UN”" in the random statement of SAS and
“random=pdSymm” in the nlme function of R by ascribing random effects to all fixed
parameters of Eqns. (4)-(5). To accommodate variance-covariance in repeated measures
we set “correlation=corCAR1” in nlme and “type=SP(POW) (t)” in the repeated
statement of SAS, and to account for heteroscedasticity the power of the mean variance
function that accounts for the scaling effect of the mean was used, i.e.,
of = a?(Y,)?Y. Eqg. (8)
The o of Eq. (8) is the variance associated to mass (kg?) at a given age of the animals, t;
o is the residual standard deviation (kg), Y; is the expected mean value of the growth
profile ata given t; and 1 is the power scaling of the mean Y; at a given t. In sequence were
estimated fixed and random effects by fitting the variance structures VC in SAS and pdDiag
in R. After that, random factors were associated to parameters Yy and u of Eq. (4), and to

parameters Y; and K of Eq. (5), and the VC or pdDiag and corCAR1 or SP(POW)

accordingly. At last, only one random factor was associated to the asymptotic mass of the
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animals with VC or pdDiag and SP(POW) or CAR1 for SAS and R, respectively. The final
choice of the best model, i.e., the choice of expected mean (Eqg. (4) or Eq. (5)) to substitute
for Y; on Eq. (8), or any other variation of the specification of the model as previously
mentioned, was based on likelihood criteria. Each specification of the model was
considered as a hypothesis (h) to be evaluated. Contrasts of interest between parameters
were also obtained after fitting the best chosen model fitted by either NLINMIX macro
(SAS) or function nlme (R).

The different fits based on estimation by ML (growth profiles) and ONLS (kinetic
profiles) were compared by the corrected Akaike criterion (Akaike, 1974; Sugiura, 1978),
namely AICcj,. The choice of the models was substantially improved by computing the
extended criteria, namely the 4;, values, the likelihood probabilities of the h-models or wy,
and the evidence ratios or ER; (Burnham and Anderson, 2004) computed with reference
to the model (or hypothesis) that presented the highest w, (Vieira et al., 2012).

The least squares means (PROC GLM of SAS) of the mass of the animals at each age
were computed to compare both PROC NLMIXED (SAS) and function nlme (R) procedures
and to evaluate the impact of accounting for heteroscedasticity and correlation on
estimates of the fixed parameters. Point and 95% confidence interval estimates of the
parameters and predicted body mass were obtained by considering the triple factorial
combinations of the fixed effects of sex (s), litter size (b), and year of birth (yr) of the
animals (by using the “groups=~sbyr” in R). One of the PROC NLMIXED outputs is the
95% confidence interval estimates of the predicted values.

3. Results

The SAS and R procedures yielded computationally the same estimates of SSE for

all fitted GNG1 models to the digestion and passage profiles studied. There were only a

few situations in which convergence was achieved after bounds being violated. This
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happened with GNG1 passage model for La because for lower values of N, the estimates
of A = k and clearly violated the bound A > k. The result were the inconsistencies among
SSE and likelihood criteria observed between SAS and R though such inconsistencies
were unusual and of very small scale (Table 1).

An important measure that algorithms PROC NLIN and function nls2 operate
equally likely were the evidence of identical point estimates for parameters of models
GNG1 for digestion and passage (Tables 2 and 3). Nonetheless, there were differences
between the algorithms regarding the amplitude of the 95% confidence interval estimates
for almost all parameters. Generally, function nls2 yielded narrower confidence intervals
than PROC NLIN. The only exception was the amplitude of the confidence interval for 1,
of the Sugar Cane and 7 of the second profile of Cr obtained by fitting G2G1 to those
profiles. The case for T might had be a case of approximation of decimal places but the
close values indicate an exception that nls2 systematically yielded interval estimates
within the PROC NLIN estimates for the nonlinear parameters.

The situation is not necessarily the same for predicted point and interval estimates
for both C; and R;. Although predicted values for the entire time range were almost equal
and only small differences were observed because of the number of decimal places
adopted, the interval estimates for predictions with function nls2 were slightly lower than
PROC NLIN. However, the low numerical differences had no practical effect as one can see
after inspecting the plots containing point and interval estimates of the time trends
(Figure 1).

The %NLINMIX macro faced convergence problems while fitting Eqns. (4)-(5). We
did not successfully fitted more than one random factor associated to Eq. (4), and no more
than two random effects associated to Eq. (5). We observed error messages (e.g., “did not

go beyond iteration zero”) or lack of convergence even after enlarging the number of
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iterations performed (up to 500). Nevertheless, the number of models fitted with fixed
parameters, random effects associated, and different variance-covariance structures
increased by using function nlme. It is important to emphasize that the criterion for
convergence and number of iterations were set equally for both algorithms. However, the
function nlme and %NLIMIX macro did performed identically in terms of yielding an equal
value of AICc, for Eqns. (4)-(5) fitted with a single or two random factors and VC
structures adopted for both random effects and repeated measures (Tables 4 and 5).
Nonetheless, the higher the complexity of the model fitted the greater the observed
differences between the values of the log-likelihood functions yielded by both algorithms
after convergence.

The feasible fits performed by %NLINMIX macro and function nlme that were
equivalent in complex model structures were for Eq. (5) fitted with VC matrix for random
effects associated to ¥y and K, a continuous time auto-regressive correlations (CAR1 for
nlme or SP(POW) for %NLINMIX) for repeated measures weighted by Eq. (8) resulted in
completely different log-likelihood estimates. Fortunately, both algorithms allowed us to
reach the same conclusion, i.e., this model unequivocally best mimicked the growth
profiles in terms of scale and variability. It is important to note that for %NLINMIX the
value of 1 of Eq. (8) must be given in the “weight function” as weight = (1/Y;)?¥, and we
used the estimated ) obtained with nlme; in addition, it is important to emphasize that
we also counted Y as an additional parameter to compute the AICc,.

An important result (not shown) was the almost equal point and interval estimates
of the parameters yielded by both function nlme and %NLINMIX macro; those estimates
were obtained by fitting models with VC structures for both random effects and repeated
measures without corrections for scaling effects of mass (VC-VC). The Eq. (5) or the

Generalized Michaelis-Menten model was fitted with R and SAS with random effects
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associated to Yr and K, a VC structure related to the random effects, correlation for
repeated measures, and the scaling effect of the mean accounted for (Table 6). The
residual standard deviation estimate of the population laid 1073 orders of magnitude
lower than the asymptotic mass irrespective of sex, litter size, and year of birth, by
accounting for variances of the random effects (051, 052), correlation between repeated
measures across ages with R (¢) and SAS (aqudqn), and heteroscedasticity with aging of
the sheep (Eqg. (8)). The nlme outputs the point and interval estimate of parameter ¢,
whereas %NLINMIX outputs the point and interval estimate of the product o?¢%», and
the user must be aware about that. Because of the large number of observations in the
dataset of Santa Ines lambs, the confidence interval estimates for parameters were
narrow, thus conferring an overall good precision to the inferable statistics.

The contrast among K values of males versus females independently of litter size
and year of birth revealed that females were precocious than males (P < 0.001). In the
same way, irrespective of litter size and year of birth males presented greater asymptotic
masses (¥;) than females (P < 0.001). The differences in K as the age at which animals
reached half of the asymptotic masses are not easily perceived after visual appraisal of
the fitted functions to the growth profiles, but differences among asymptotic trends were
more pronounced (Figure 2). The Y; estimates for males were affected by year of birth
(P < 0.001), which in its turn represented the environmental conditions faced by the
animals. Nonetheless, maturity for females born in 2008 did not come first than females
born in 2010 (P = 0.311). The number of lambs per offspring did affect the asymptotic
masses for males born in 2008 (P < 0.001) and 2010 (P = 0.028), what evidenced
different environmental conditions faced by single or twinborn lambs during their growth

trajectories.
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The observed differences between predicted values obtained by fitting Eq. (5) with
function nlme and PROC NLMIXED were expected; despite the heteroscedasticity
accounted for by the weight function, no random effects were ascribed to fixed
parameters and no correlation among repeated measures was accounted for in PROC
NLMIXED (Figure 2). The random effects ascribed to ¥; and K, and the correction for the
correlation among repeated measures appeared to affected more the predicted growth
trend of the males (Panels g, f, g, and h of Figure 2) than the females (Panels a, b, ¢, and d
of Figure 2), irrespective of year of birth and litter size. In the referred panels, one can see
particularly at the later stages of growth (t > 330 days), that the predicted values with
nlme (A) followed the tendencies of some specific observed least squares means (0),
whereas the predicted values (solid lines) obtained with PROC NLMIXED sought for an
intermediary path, despite the fact that we had used a scaling correction for the variance.
Unfortunately, at least to our knowledge, confidence intervals for a predicted value at a
given age do not figure as an output of the function nlme (R) so that we could not compare
confidence intervals for the predicted Y;.

4, Discussion

The use of a nonlinear model is indicated when the researcher wants to anticipate
reality with a reasonable degree of interpretability, parsimony, and by extrapolating
results beyond the observed data range (Pinheiro and Bates, 2000). By interpretability,
we mean that not only predictions of the predictand but any function of the nonlinear
parameters are of interest (Littell et al., 2006). Examples of such interpretative functions
are the age at the inflection point that establishes puberty in the case of growth, and the
mean retention time of a particle in the gastrointestinal tract and the effective
degradability of a specific nutrient in the rumen in digestion kinetic studies (Matis et al,,

1989; Strathe et al., 2010; Zanton and Heinrichs, 2009). On its turn, parsimony relates to
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the smaller number of parameters that a nonlinear model built to mimic reality contains;
it is the result from an integrative quantitative analysis based on underlying principles
(and by neglecting many others) of how processes or mechanisms work. As demonstrated
by Pinheiro and Bates (2000), one can fit a polynomial model to growth data with
spectacular eye-perception-adherence to another nonlinear model trajectory.
Nevertheless, isolated, the parameters of such polynomial (also called empirical) models
are useless because they are not derived from theoretical principles (Mertens, 2005), and
interpretability becomes interdependent with parsimony on this matter. Lately, by
extrapolating results one can understand easily that inferences out of the observed data
range are less risky with nonlinear models because its projected trajectory functions are
the result of the underlying assumptions and proposed mechanisms. As practical
examples we list the first-order kinetics that implies an asymptotic consumption of the
substrate available, and the proportionality between body mass and quantity of growth
machinery that concur for an irreversible and asymptotic growth (France et al., 1996;
1998; Mertens, 2005).

The predictions obtained from the operation of a nonlinear model demands that
the deterministic (mechanistic) formulation as an “ideal reality” accommodates the
uncertainties derived from the measurement errors. The reductionist approach used to
constrain reality into a never attainable set of idealized natural conditions that
circumscribes the operation of a model, and the unpredictable disturbances as random
factors out of control of the researcher are either features and limitations of nonlinear
models needed to be accounted for and well understood by modelers (Bard, 1974;
Mertens, 1976). Therefore, the complete model establishment (stochastic formulation)
starts by adding an error term that encompasses pseudo-random and true random

elements: the former results from both voluntary and involuntary ignorance of the
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scientist about reality, and the latter are mutually independent events whose occurrence
are characterized by the form and parameters of some probability function (Lucas, 1964).
The form of Eqns. (1)-(3) and (6) materialize these characteristics for the sake of a more
complete model formulation.

The traditional ONLS relies on the assumption that errors are independent and
present a constant distribution. Researchers found justification for this standard
approach because the magnitude of measurement errors (e.g., recording masses in the
laboratory or animal masses in the field) usually dominates the stochastic structural
errors (Hui and Jackson, 2007; Matis and Hartley, 1971; Matis et al.,, 1989; Ritz and
Streibig, 2008). Therefore, whenever independent and identically distributed normal
errors are dominated by measurement errors the researcher can use ONLS for estimating
nonlinear parameters. The ONLS tool is adequate when the scientist is interested in the
behavior of a fixed set of individuals, and allows the researcher to assess the expected
mean response for a given value of the predictor in a fixed set of conditions (Pinheiro and
Bates, 2000; Ritz and Streibig, 2008). The algorithms used for minimizing the objective
SSE may differ from one statistical package to another (Ritz and Streibig, 2008), but the
observed SSE values in the present study were almost equal (Table 1). For point
estimates, those differences are not numerically relevant as demonstrated between the
SAS and R outputs reported here (Tables 2 and 3). The Gauss-Newton linearization differ
from the Newton algorithm with respect to the use of second derivatives and a second
order Taylor series expansion in the latter, but the Newton method works well only if the
Hessian matrix is positive definite. The Marquardt algorithm was designed to overcome
the problem of indefiniteness of the Hessian (Bard, 1974), and it works well in practice
(Mertens and Loften, 1980) and have been used by some researchers to estimate

parameters of digestion kinetics (Michalet-Doreau and Ould-Bah, 1992; Moore et al,,
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1992). However, we advocate that the good performance of the Newton algorithm should
not be neglected; in practice, this algorithm works well to solve the problem of fitting
GNG1 models because it generally converges in a smaller number of iterations, results in
plausible estimates of the parameters, and is less sensitive to the initial estimates after a
grid search. In addition, whenever a solution in unattainable with the Newton algorithm
(in SAS), the Marquardt compromise can be used (Vieira et al., 2012) for both SAS and R.
Algorithms differ in terms of type, mode of implementation of the same algorithm,
parameterization, and still they yield quite approximate point estimates (Ritz and
Streibig, 2008). We observed very close point estimates, but reasonable differences for
interval estimates of the parameters of Eqns. (1)-(3) were also encountered (Tables 2
and 3). Fortunately, the numerical differences observed for confidence intervals of C; and
R, (numerical values not shown) seem to be of no practical importance (see Fig. 1).
Because of the nature of many experiments in which data are recorded as repeated
measures over time on the same experimental unit and because variability in time-series
records scales with the mean value, the possibility of correlations and heteroscedasticity
between and within experimental units exist and have long been recognized by
researchers when fitting linear and nonlinear models (Gill, 1981; Matis and Hartley,
1971). Many models were developed to account for a more general structure about
variances and covariances of the errors, spatial correlation among experimental units in
the field, and continuous heteroscedastic models to accommodate variability over the
range of predictor values (Littell et al., 1998; 2006; Matis and Hartley, 1971; Pinheiro and
Bates, 2000; Wolfinger, 1996). The growth profiles used in the present study to evaluate
predictions based on different programs to fit nonlinear mixed models are more complete
than the digestion and passage profiles. The growth profiles we had studied resulted from

the collection of several growth records of many individuals over time; they contain
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information about fixed factors that may influence the nonlinear parameters, random
factors that ultimately alter the estimates of the predictand trajectory because of possible
correlations between and within subjects, and exhibited a variability that changed
alongside the predictor range. Nevertheless, Zanton and Heinrichs (2009) demonstrated
the same attributes for kinetic studies with ruminants by simulating in situ degradation
data and by analyzing the resultant profiles with %NLINMIX macro. Strathe et al. (2010)
evaluated the quality of fit of nonlinear models to the growth profiles of barrows, boars,
and gilts with random factors of litter, and pig nested within litter. They concluded that
the GMM model of growth (Lopez et al. 2000) was the best choice among the models
compared, and all problems related to correlations within repeated measures on the same
experimental units, and heteroscedasticity as the age of the animals increased can be
modeled properly and accounted for with function nlme of R and %NLINMIX macro.

In our study, a successful fit of Eq. (4) or the Richards model with all parameters
related to a random factor, an unrestricted variance-covariance structure for both
random animal factors (between) and repeated (within) measures in the same subjects,
and completed with Eq. (8) was not accomplished, no matter the program used (SAS or
R). As stated by Pinheiro and Bates (2000), the possibility of fitting these fully
parameterized models dos not come without a cost. With R we were able to fit up to 28
variations with Eqns. (4)-(5) by accounting for many variance structures; but we only
successfully fitted 13 variations of Eqns. (4)-(5) with SAS. Fortunately, after using both
programs we arrived to the same conclusion: the most suited model to mimic reality was
the GMM model with random factors associated to the asymptotic growth and to the age
animals achieve half of the asymptotic growth (see Tables 4 and 5). By this, however, we
do not mean that the programs yielded equal estimates. Computationally, algorithms

differ in the way they are programmed and different numerical estimates may result (Ritz
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and Streibig, 2008). An important difference between the two programs is the
accommodation of Eq. (8) in the algorithm (Littell et al., 2006; Pinheiro and Bates, 2000;
Vonesh, 2012). We observed equivalence (equal AICc;, values) between function nlme
and %NLINMIX macro only when a VC-VC structure was used for both random factors
and repeated measures, as well as by assuming homoscedasticity. The %NLINMIX macro
of SAS yielded smaller AICcy, values than function nlme, but the comparison among such
differences between SAS and R are meaningless and should not be regarded by the
researcher to decide which program use. Because algorithms differ also in terms of
successful fits of the models, there is no guarantee that the scenario we reported here will
reproduce always for any dataset and models; it is possible that for some model one of
the programs do not reach convergence and a different conclusion about the best model
or models to choose may arise. In the end, the researcher have to decide which model or
models are the best choice for representing reality on the grounds provided by the
robustness and objectivity of the likelihood criteria as recommended by Burnham and
Anderson (2002).

Once the researcher choose the best model or models, valuable inferences can be
drawn with the approach for fitting nonlinear mixed effects models (Strathe et al., 2010;
Zanton and Heinrichs, 2009). Confidence intervals for parameters and contrasts among
parameter estimates are examples that can be requested as outputs; in addition,
important interval estimates regarding variances can be reported and, most importantly,
after accounting for variability between and within experimental units properly. This
procedure results in good precision for the inferences taken from the experiment that
would otherwise not be possible to achieve with traditional statistical tools used to
interpret animal science experiments (see Table 6). Off course, the large sample size of

growth profiles of the Santa Ines sheep studied here favored precision, but the advantage
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of such large datasets is the possibility of finding significance for parameters and
contrasts among them. The NLMIXED of SAS has the advantage of estimating confidence
intervals for functions of the parameters. The age at inflection (tinﬂ_) for Eq. (5) can be
computed as ty,r = K((m—1)/(m + 1))/™, expressed as days (Lépez et al., 2000).
Once the inflection point is associated to puberty, the age at ¢;,5; is an indicator of
precociousness. However, after consulting the references about R (Pinheiro and Bates,
2000) and SAS (Littell et al., 2006; Vonesh, 2012), including the internet until January of
2014, we faced that interval estimates of the predictand and other functions of the
parameters that may be of interest to the researcher do not figure in the outputs of
function nlme and %NLINMIX macro. Without using an advanced knowledge in statistics,
the common user will not grab those estimates. We hope these options are no longer
missing in these programs in the near future.

5. Conclusions

The estimation of nonlinear parameters with ordinary nonlinear least squares can
be equally performed with function nls2 of R or PROC NLIN of SAS. Both programs yield
point and interval estimates without relevant numerical differences and can be used for
the interpretation of degradation profiles of nutrients such as fiber and particulate
marker excretion profiles by fitting the GNG1 class of compartmental models.

There are nonlinear models built in a way that its parameters are sliced among
fixed effects, have random factors associated with many possible variance-covariance
structures for random factors, and with variance structures modeled to account for
possible correlated and heteroscedastic variances for measures taken over time. Growth
profiles are examples of longitudinal data that can be interpreted by such nonlinear
models. The packages nlme of R and %NLINMIX macro of SAS are especially designed to

meet the requirements for an adequate quantitative description of this type of time
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profiles. If both programs converge while fitting the same nonlinear model to growth
profiles the value of the likelihood function and the Akaike criterion equate only when the
simplest variance structures are either accommodated for random factors and repeated
measures. For more complex variance-covariance structures, the programs equal only
point estimates of parameters, but almost all interval estimates yielded by R are within
interval estimates yielded by SAS if both algorithms achieve convergence for the same
model.
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Figure 1. Observed (A), predicted (solid lines) and 95% confidence interval (95%CI,
dashed lines) estimates for GNG1 models obtained with PROC NLIN of SAS of the passage
(panels a, b, and c) and digestion kinetics (panels d, e, and f) profiles. Also presented in all
panels are 95%CI estimates obtained with function nls2 (o) from R. Markers Cr
(Chromium, panels a and c), and La (Lanthanum, panel b) are expressed in mg/kg of fecal
matter. Rt is the dimensionless residue of fiber degradation of Sugar cane (panel d),
Elephant grass (panel e), and Mombasa grass (panel f)
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Figure 2. Growth profiles described by the Generalized Michaelis-Menten model
containing observed least squares means (0), predicted (solid line) and 95% confidence
interval (95%ClI, dashed lines) by NLMIXED (SAS), and predicted (A) values by nlme (R).
On panels are depicted sex, litter size (LS = 1 or 2, i.e. single or twins, respectively), and
year of birth of the Santa Inés sheep (2008 or 2010).
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Table 1. Sum of squares of errors (SSE) and likelihood criteria of GNG1 models fitted to the
digestion and passage time profiles of forages and markers by both PROC NLIN (SAS) and function
nls2 (R).

Likelihood criteria2

Time profile Model SSE AICe " " IR
Sugar cane

PROC NLIN G4G1 0.00712 —107.5 0.3 0.196 1.1

Function nls2 G4G1 0.00712 —107.5 0.3 0.196 1.1
Elephant grass

PROC NLIN G2G1 0.01889 —125.0 0.0 0.194 1.0

Function nls2 G2G1 0.01889 —125.0 0.0 0.194 1.0
Mombasa grass

PROC NLIN G4G1 0.00560 —-101.7 0.2 0.200 1.1

Function nls2 G4G1 0.00560 —-101.7 0.2 0.200 1.1
Cr

PROC NLIN G4G1 6556.1 148.0 0.7 0.200 1.4

Function nls2 G4G1 6556.1 148.0 0.7 0.200 1.4
La

PROC NLIN G4G1 184630.0 251.3 1.9 0.169 2.5

Function nls2 G4G1 184629.7 251.3 1.9 0.187 2.5
Cr

PROC NLIN G2G1 21998.7 171.4 0.0 0.370 1.0

Function nls2 G2G1 21998.7 171.4 0.0 0.370 1.0

a AICc, corrected Akaike information criterion; 4, difference between Akaike information
criteria; w, likelihood probability; and ER, evidence ratio.



61

Table 2. Point and 95% confidence interval estimates of the parameters of GNG1 digestion model
fitted by both PROC NLIN (SAS) and function nls2 (R).

Parameters of digestion kinetics

Forage Model
& Az kg Ub Ab
Sugar cane
PROC NLIN G4G1 1.6291 + 1.2395 0.1199 + 0.0433 4424 + 20.0 469.3 + 515
Functionnls2  G4G1 1.6291 + 1.2532 0.1199 + 0.0366 4424 + 17.3 469.3 + 49.5
Elephant grass
PROC NLIN G2G1 0.4507 + 0.3452 0.0706 * 0.0259 254.8 + 26.6 657.2 £ 61.3
Functionnls2  G2G1 0.4507 + 0.3307 0.0706 * 0.0217 254.8 £ 234 657.2 £ 58.6
Mombasa grass
PROC NLIN G4G1 0.7581 + 0.2861 0.0685 + 0.0166 248.8 + 253 668.7 + 44.1
Functionnls2  G4G1 0.7581 + 0.2639 0.0685 + 0.0139 2488 + 21.7 668.7 + 39.7

a A, and k; expressed as 1/h.
b Values were presented as g/kg of neutral detergent fiber.
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Table 3. Point and 95% confidence interval estimates of the parameters of GNG1 transit kinetics
model fitted by both PROC NLIN (SAS) and function nls2 (R).

Parameters of transit kinetics

Marker Model
Ta Ab kb Co¢
Cr
Proc nlin G4G1 12.0 + 3.3 0.3989 + 0.1573 0.0340 + 0.0075 10473 + 1185
Functionnls2 G4G1 12.0 + 2.6 0.3989 + 0.1339 0.0340 + 0.0073 10473 + 1146
La
Proc nlin G4G1 11.1 + 6.3 0.1539 + 0.1004 0.0633 + 0.0719 37329 + 5719
Function nls2 G4G1 11.1 + 6.0 0.1539 + 0.0951 0.0633 + 0.0682 37328 + 5419
Cr
Proc nlin G2G1 114 + 1.9 0.1315 + 0.0582 0.0587 + 0.0306 22037 + 2033
Functionnls2 G2G1 114 + 1.9 0.1315 + 0.0546 0.0587 + 0.0279 22037 + 1856

a Parameter 7 is expressed in hours (h).

b A and k are expressed in 1/h.
¢ Cy is expressed in mg/kg of fecal dry matter.
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Table 4. Likelihood measures of the models fitted to the growth profiles with function nlme (R) by
considering the effects of sex, litter size, and year of birth of lambs.

Model/ Variance P.RE.Tza AlCc, 4y Wy, ERy, oy
Richards/VC-VCP Yr 32884.3 33454 0.000 o) 34
Richards/VC-VCP Ye u 31515.8 1976.8 0.000 o) 35
Richards/VC-VCP Ye, Yo,uum  31164.6 1625.6 0.000 [’ 37
Richards/UN-VCc¢ Yr u 31196.6 1657.7 0.000 00 36
Richards/UN-VC¢ Y:, Yo 31481.0 1942.0 0.000 o) 36
Richards/UN-VC¢ Ye, Yo, 1t 31166.5 1627.6 0.000 o) 39
Richards/VC-CAR14 Yr 31002.5 1463.5 0.000 [’ 35
Richards/VC-CAR14 Yr u 30617.4 1078.5 0.000 10234 36
Richards/VC-CAR14 Y., Yo 31004.5 1465.6 0.000 o) 36
Richards/VC-CAR14 Ye, Yo, 1t 30619.4 1079.7 0.000 10234 37
Richards/VC-CAR1¢ Y, Yo,m 306215  1082.5 0.000 10235 38
Richards/UN-CAR1e Y., Yo 30928.4 1389.4 0.000 10301 37
Richards/UN-CAR1e Y, 1 30613.0  1074.0 0.000 10%33 37
Richards/VC-CAR1/Wtf Yr 30142.6 603.6 0.000 10131 36
Richards/VC-CAR1/Wtf Yy, pu 296743  135.3 0.000 10%° 38
Richards/VC-CAR1/Wtf Yeou, Yo 29630.6 91.6 0.000 1019 41
GMM/VC-V(Cs Yr 32764.5 3225.6 0.000 o 34
GMM/VC-VCs Yr, K 31230.0 1691.1 0.000 o) 35
GMM/UN-VCh Yr, Yo 32443.1 2904.1 0.000 o) 36
GMM/UN-VCh Yr, K 31203.2 1664.2 0.000 o] 36
GMM/UN-VCh Yr, Yo, K 31142.8 1603.8 0.000 o] 39
GMM/VC-CAR1! Yy 30854.6  1315.6 0.000 10285 34
GMM/VC-CAR1! Y, K 306253  1086.4 0.000 10235 35
GMM/UN-CAR1) Yr, Yo 30834.3 1295.3 0.000 10281 37
GMM/UN-CAR1 Yr, K 30618.7 1079.7 0.000 10234 37
GMM/VC-CAR1/Wtk Yr, K 29539.0 0.0 0.810 1 37
GMM/UN-CAR1/Wtk Yr, K 295419 2.9 0.190 4.3 38
GMM/UN-CAR1/Wtk Y;, Yo 29851.6  312.6 0.000 1097 38

aParameters with random-effects (r.e.) terms.

bRichards model or Eq. (4) with variance components (VC) as the variance structure for both r.e.
and repeated measures (r.m.).

cEq. (4) with unstructured variance-covariance (UN) for r.e. and VC for r.m.

dEq. (4) with VC for r.e. and continuous time autoregressive correlations (CAR1) for r.m.
¢Eq. (4) with UN for r.e. and CAR1 for r.m.

fEq. (4) with UN for r.e. and CAR1 for r.m. weighted by a power of the mean function (Wt).
gGeneralized Michaelis-Menten (GMM) model or Eq. (5) with VC for both r.e. and r.m.

hEq. (5)with UN for random effects and VC for repeated measures.

iEq. (5) with VC for random effects and CAR1 for repeated measures.

JEq. (5)with UN for random effects and CAR1 for repeated measures.

kEq. (5)with UN for random effects and CAR1 for repeated measures weighted by Wt.
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Table 5. Likelihood measures of the models fitted to the growth profiles with %NLINMIX

(SAS) by considering the effects of sex, litter size, and year of birth of lambs.

Model/ Variance P.RETa AlCc, A4y wh, ER;, o,
Richards/VC-VCb Y 32884.3 3391.8  0.000 0 34
Richards/VC- SP(POW)¢ Y 30926.5 1434.0  0.000 0 35
Richards/VC- SP(POW)/Wtd Y; 30012.5 520.0 0.000 10112 35
GMM/VC-VCe Y;, K 31230.0 1737.5  0.000 o 35
GMM/VC-VCe Y 32764.6 3272.0  0.000 0 34
GMM /UN-VCf Y;, K 31203.2 1710.7  0.000 00 36
GMM /UN-VCf Y, Y, 32443.1 2950.6  0.000 00 36
GMM/VC- SP(POW)s Y, K 30610.8 11183  0.000 10242 36
GMM/VC-SP(POW)s Y 30781.1 1288.6  0.000 10279 35
GMM/UN- SP(POW)h Y, K 30602.4 1109.9  0.000 10%41 37
GMM/VC- SP(POW)/Wti Y; K 294925 0.0 0.990 1 37
GMM/UN- SP(POW)/Wt! Y 29764.7 272.2 0.000 105° 35
GMM/UN- SP(POW)/Wti Y, K 29501.7 9.2 1.000 10 38

aParameters with random effects (r.e.) terms.

bRichards model or Eq. (4) with variance components (VC) as the variance structure for
both r.e. and repeated measures (r.m.).

¢Eq. (4) with VC for r.e. and spatial power law (SP(POW)) for r.m.

dEq. (4) with VC for r.e. and SP(POW) for r.m. weighted by a power of the mean function

(Wt).

eGeneralized Michaelis-Menten (GMM) model or Eq. (5) with VC for both r.e. and r.m.
fEq. (5) with UN for random effects and VC for repeated measures.

8Eq. (5) with VC for random effects and SP(POW) for repeated measures.
hEq. (5) with UN for random effects and SP(POW) for repeated measures.

iEq. (5) with UN for random effects and SP(POW) for repeated measures weighted Wt.
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Table 6. Interval (95%) estimates for parameters of the Generalized Michaelis-Menten model (Eqg. (5)) fitted by nlme (R) and %NLINMIX

macro. Fixed effects are sex (female or male), litter size (single or twins), and year of birth (2008 or 2010).

Female Male
Parameters? Litter size (single) Litter size (twins) Litter size (single) Litter size (twins)
2008 2010 2008 2010 2008 2010 2008 2010
Ra
Yr (kg) 442+1.0 36.3+0.7 415+ 0.8 33.2+£0.8 60.5+ 1.3 438+ 0.9 520+ 13 41.0+0.9
Yy (kg) 41101 39+0.1 35401 33101 44+0.1 43101 3.8+£0.1 34101
K (Days) 136.0 + 6.1 137.5+ 4.6 1569+ 5.4 1443 +5.1 150.0+ 7 1449+ 5.4 189.7 + 8.2 1555+ 5.4
me (dmls) 1.55+0.04 1.73+0.04 1.67 £ 0.03 2.10 £+ 0.05 1.55 + 0.04 1.78 + 0.04 1.71 £ 0.05 2.03+0.05
SASP
Yr (kg) 444+ 2.0 364+ 15 414+ 1.7 33.21+16 611126 440+ 18 523+ 27 41.1+18
Y, (kg) 40403 3.9+ 0.2 3.5+ 0.2 3.340.2 44403 42+0.2 3.7+ 0.3 3.440.2
K (Days) 138.0+12.3 137.71£9.2 156.4 + 10.7 144.6 £ 10.2 1528+ 14.1 145.1+10.7 190.3+ 164 155.3+10.8
me (dmls) 1.53+0.08 1.7240.08 1.67 £ 0.07 2.08+£0.11 1.53 +0.07 1.77 £ 0.08 1.69 + 0.09 2.02+£0.1

a The variance-covariance parameters estimates were: variance of the random effect associated to Y, 95%Cl[au1]: 51+0.3 kgz; and
variance of the random effect associated to K, 95%Cl[au2]: 31.1 + 1.7 d”?; the correlation between repeated measures, 95%CI[¢]: 0.407 +
0.020; the residual standard deviation, 95%ClI[c]: 0.39 + 0.02 kg; and the power of the mean estimate of 95%CI[y]: 0.526 + 0.014.

b The variance-covariance parameters estimates were: variance of the random effect associated to Y, 95%CI[0§1]: 26.57+4.95 kgz; and

variance of the random effect associated to K, 95%CI[0§2]: 947.47+199.08 d_z; the correlation between repeated measures,
95%ClI[a%¢%n]: 0.971+0.003; the residual standard deviation, 95%CI[62]: 0.16+0.01kg; and the power of the mean value used was 0.526.

¢dmls means dimensionless.



