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A B S T R A C T   

Stock assessment models are often used to inform fisheries management and need therefore to be thoroughly 
validated. Different diagnostics exist to validate models including the analysis of standardized residuals. Stan-
dardized residuals are commonly calculated by subtracting prediction from the observation and dividing the 
result with the estimated standard deviation (i.e., Pearson residuals). Many currently applied stock assessment 
models fit to compositional observations (e.g., age, length or stock compositions) using multivariate distribu-
tions. These distributions create correlation between observations, which are propagated in the residuals if 
estimated as Pearson. This study shows that using Pearson residuals to analyze goodness of the fit, when data are 
fitted using a multivariate distribution, is incorrect and one-step-ahead (OSA) or forecast quantile residuals 
should be used instead. For such distributions, OSA residuals are independent and standard normally distributed 
for correctly specified models. This study describes the calculation of OSA residuals specifically to de-correlate 
compositional observations for the multivariate distributions most commonly used in assessment models. This 
allows composition observations to be evaluated with the same statistical rigor as residuals from uncorrelated 
observations. This also prevents the possible wrong interpretation of Pearson residuals and the rejection of a 
correct model. We have developed an R-package that estimates OSA residuals externally to the model for models 
that do not include random processes. For models that use random processes, the distributions are now devel-
oped in Template Model Builder and explained in detail here for internal use.   

1. Introduction 

Stock assessment models use observations such as commercial 
catches or abundance indices from scientific surveys to estimate stock 
size and infer current and historic stock status and level of exploitation. 
Fisheries scientists use these models to predict future consequences of 
different fishing options, which form the basis of the scientific advice 
used to inform fisheries managers. It is therefore necessary to carefully 
evaluate the quality of these models before they are used for fisheries 
management. Some diagnostics such as retrospective analysis (Mohn, 
1999) are specific to stock assessment models and put the focus on the 
consistency of the most recent estimates, which are of special interest for 
short-term projections. However, most used techniques are general 
validation techniques that could be applied to any statistical model. 

Notably, goodness of fit validation is routinely conducted by visually 
inspecting standardized residuals. 

For univariate statistical models, where the observation noise is 
assumed independent and normally distributed, standardized residual 
can be calculated by subtracting prediction from the observation and 
dividing the result with the estimated standard deviation. These are 
often referred to as Pearson residuals. If the independent and univariate 
model is correct this will approximately lead to residuals which follow a 
standard normal distribution. Plotting the residuals and checking if they 
are normally distributed is therefore useful for validating that a model is 
describing the observed data well. 

However, many fish stock assessment models are age- or length- 
structured (e.g., the State-space Assessment Model (SAM, Nielsen and 
Berg, 2014); Stock Synthesis (SS3, Methot and Wetzel, 2013); 
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MULTIFAN-CL (Fournier et al., 1998); the C++ Algorithmic Stock 
Assessment Laboratory (CASAL, Bull et al., 2005); the Beaufort Assess-
ment model (BAM, Williams and Shertzer, 2015)); and the Age-Structure 
Assessment Program (ASAP, Legault and Restrepo, 1999)). These 
models therefore use age and/or length composition data to disaggre-
gate observations such as total survey index, total catch, or total stom-
ach content in the case of multispecies models (Lewy and Vinther, 2004; 
Begley, 2005; Trijoulet et al., 2019, 2020). In these cases, multivariate 
rather than univariate distributions are needed to fit to composition data 
and these do not assume the individual observations to be independent. 
Common multivariate distributions used in stock assessment models are 
multinomial, Dirichlet, Dirichlet-multinomial, or logistic-normal distri-
butions (Francis, 2014; Albertsen et al., 2017). The correlation between 
the individual observations introduced by the multivariate distributions 
will be retained in the Pearson residuals and hence the Pearson residuals 
could appear as not independent and not normally distributed despite 
the fact that the data actually perfectly followed the assumed distribu-
tion and model structure (Punt et al., 2020). In this case a different way 
to calculate standardized residuals is needed and an option is the 
one-step-ahead (OSA) or forecast quantile residuals (Thygesen et al., 
2017). 

In this study, we describe and adapt the concept of OSA residuals 
specifically to de-correlate compositional observations when estimating 
standardized residuals and we validate the method through simulations. 
The method presented in this paper only concerns the calculation of the 
residuals for model validation, the model fitting and model results being 
independent from the residual calculation are therefore unaffected. The 
method is then applied to a fish stock, Gulf of Maine haddock. We show 
that using Pearson residuals to analyze goodness of the fit, when data are 
fitted using a multivariate distribution, is incorrect and that OSA re-
siduals should be used instead. For fully-parametric assessment models 
(without random effects), we have developed an R-package to estimate 
OSA residuals outside of the assessment model (https://github.com/fish 
follower/compResidual). For state-space models using Template Model 
Builder (TMB, Kristensen et al., 2016), we have implemented the OSA 
residual estimation for the distributions described in this paper in TMB 
for internal use (see https://github.com/kaskr/adcomp/wiki/User-co 
ntributed-code or the direct link https://github.com/vtrijoulet/OSA 
_multivariate_dists). For state-space models not using TMB, this paper 
provides a description on how the OSA residuals can be implemented 
internally. 

2. Material and methods 

2.1. OSA residuals for compositional data: concept, examples and 
validation 

The OSA residuals are implemented as part of TMB (see function 
"oneStepPredict"). To apply this concept to the multivariate distribu-
tions commonly used for fisheries composition data, it is necessary to 
change the calculations of these likelihood contributions to be done 
successively one scalar observation at a time. In this section, the concept 
is summarized and the necessary changes are derived. 

2.1.1. OSA residuals concept 
In this section, we describe how to obtain standardized residuals 

with correct statistical properties for use in model validation for the 
different types of observations that can be encountered. 

OSA or Pearson residuals for continuous normal independent observations. 
When observations (x1, ⋯, xK) can be assumed to be independent and 
Gaussian, correct standardized residuals can be calculated using Pearson 
or the OSA methods (described below). Pearson residuals (r1, ⋯, rK) are 

defined by ri =
(xi − μ̂ i)

σ̂
, for i ∈ {1, ⋯, K}, where μ̂ is the prediction and σ̂ 

the standard deviation of the observations. 

In this case, the OSA and the Pearson residuals will be the same and 
will have the correct properties, i.e., independent normally distributed. 

However, when observations are not normally distributed or inde-
pendent (e.g., follow a multivariate distribution), Pearson residuals will 
not have the correct properties and it is possible to obtain independent 
residuals for some multivariate distributions by calculating the OSA 
residuals. This concept originates from the Rosenblatt transformation, 
which states that any multivariate continuous distribution can be 
transformed to a uniform distribution on the hypercube if it can be 
written as successive conditional distributions (Rosenblatt, 1952). It was 
specifically described for residuals in Thygesen et al. (2017). 

Quantile residuals for continuous non-normal independent observations. If 
the observations (x1, ⋯, xK) are continuous, univariate, independent, 
and originating from a distribution with cumulative distribution func-
tion (cdf) Fx, which does not need to be a normal distribution, then in-
dependent and normally distributed residuals can be obtained via 
transformation. First, transforming the observations via the cdf will lead 
to quantities that follow a uniform distribution ui = Fx(xi). This can be 
explained by the fact that ui ∈ (0, 1) and the cdf of u is Fu(u) = P(Fx(X) <
u) = P(X < F− 1

x (u)) = Fx(F− 1
x (u)) = u, which is the distribution function 

for the uniform distribution. Secondly, transforming these uniformly 
distributed quantities u1, ⋯, uK by the inverse cdf of the standard normal 
distribution, Φ− 1, will lead to residuals that follow a standard normal 
distribution if the model is correct. This can be seen by calculating the 
cdf for the transformed uniforms: P(Φ− 1(U) < r) = P(U < Φ(r)) = Φ(r), 
so the wanted cdf. Collectively these quantile residuals are defined 
simply as: ri = Φ− 1(Fx(xi)). The model is defining the cdf of the obser-
vations, so if the model is incorrect, then the residuals will deviate 
systematically from a standard normal distribution (Dunn and Smyth, 
1996). 

Randomized quantile residuals for discrete independent observations. If the 
observations are discrete, but still univariate and independent, then the 
distribution function Fx is a step function. In this discrete case, the 
transformation by the distribution function needs an additional step. 
The probability mass at a given value xi needs to be transformed onto the 
interval from F(xi − ϵ) to F(xi). The transformation into continuous 
uniform(0,1) distributed quantities can be achieved by sampling from 
the uniform distribution for that interval, so ui ~ U(F(xi − ϵ), F(xi)). The 
final step to get standard normal residuals is the same transformation by 
the inverse cdf of the standard normal distribution ri = Φ− 1(ui). These 
randomized quantile residuals will again have the desired properties 
(independence and normality) if the model is correct (Dunn and Smyth, 
1996). 

OSA residuals to remove dependence in dependent observations. The OSA 
residual of the i’th scalar observation is computed using either of the 
quantile residual methods described above depending on the observa-
tions being continuous or discrete, but instead of using the cdf of the 
observation in isolation, the cdf of the predicted distribution of the i’th 
prediction conditioned on all previous observations is used. This allows 
the resulting residuals to become independent standard normal if the 
model is correct. 

2.1.2. OSA residuals for distributions used for composition data 
All of the multivariate distributions we consider here have a 

constraint on the sum of the vector elements. For the multinomial and 
Dirichlet-multinomial, the vector sums to N, the sample size. For the 
Dirichlet and logistic-normal the vector of proportions sums to unity. 
Therefore, for a K-dimensional observation vector there are only K − 1 
OSA residuals that can be independent and standard normal. In this 
study, the K’th residual is therefore not presented. 

Multinomial distribution. If a vector of numbers at age or at length in a 
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specific year (x1, ⋯, xK) follows a discrete multinomial distribution such 
as (x1, ⋯, xK) ~ Multi(N, (p1, ⋯, pK)), with N =

∑
ixi, i ∈ {1, ⋯, K}, K 

number of categories (e.g., age groups) and probability pi, it is equiva-
lent to express the distribution as successive binomials (Bin(N, p) where 
N is the number of trials and p is the probability of success in each trial), 
as follows: 

x1 ∼ Bin(N, p1)

x2∣x1 ∼ Bin
(

N − x1,
p2

1 − p1

)

x3∣x1:2 ∼ Bin
(

N − (x1 + x2),
p3

1 − (p1 + p2)

)

⋮

xk∣x1:(k− 1) ∼ Bin

(

N −
∑k− 1

i=1
xi,

pk

1 −
∑k− 1

i=1
pi

)

⋮

xK− 1∣x1:(K− 2) ∼ Bin

(

N −
∑K− 2

i=1
xi,

pK− 1

1 −
∑K− 2

i=1
pi

)

Note, for instance, that the notation x1:(k− 1) refers to x1, x2, ⋯, xk− 1. 
Above we see that the likelihood of the multinomial can be evaluated 

as a product of the successive binomials (Gelman et al., 1995). 
Expressing the distribution via the successive binomials allows easy 
access to the predictive distributions needed for estimation of the OSA 
residuals as explained in 2.1.1. 

Dirichlet distribution. If a vector of age or length proportions in a specific 
year (x1, ⋯, xK), with 

∑
ixi = 1 for i ∈ {1, ⋯, K}, follows a continuous 

Dirichlet distribution such as (x1, ⋯, xK) ~ D((α1, ⋯, αK)), with K 
number of categories (e.g., age groups) and concentration parameters αi, 
it is equivalent to express the distribution as successive beta distribu-
tions (Beta(α, β) where α and β are shape parameters), as follows: 

x1 ∼ Beta
(

α1,
∑K

i=2
αi

)

x2

1 − x1

⃒
⃒
⃒
⃒x1 ∼ Beta

(

α2,
∑K

i=3
αi

)

x3

1 − (x1 + x2)

⃒
⃒
⃒
⃒x1:2 ∼ Beta

(

α3,
∑K

i=4
αi

)

⋮

xk

1 −
∑k− 1

i=1
xi

⃒
⃒
⃒
⃒
⃒
x1:(k− 1) ∼ Beta

(

αk,
∑K

i=k+1
αi

)

⋮

xK− 1

1 −
∑K− 2

i=1
xi

⃒
⃒
⃒
⃒
⃒
x1:(K− 2) ∼ Beta(αK− 1, αK)

The density is Jacobi transformed given that, for K > 1, it is not the 
observation xi, but the ratio xi

1−
∑i− 1

j=1
xj 

that follows a Beta distribution. 

The likelihood of the Dirichlet can therefore be evaluated as a 
product of the successive beta distributions (Gelman et al., 1995). 
Expressing the distribution via the successive beta distributions allows 
easy access to the predictive distributions needed for estimation of the 
OSA residuals as explained in 2.1.1. 

The Dirichlet distribution can also be transformed into independent 
gamma distributions by using a random gamma distributed multiplier. 
While this has the advantage of resulting in an estimated residual for all 
composition groups, we chose not to do that to avoid using a random 
sample that reduces the power to detect patterns in the residuals, and to 

keep consistency with the other distributions for which it was not 
possible to do such transformation. 

Dirichlet-multinomial distribution. A vector of numbers at age or at length 
in a specific year (x1, ⋯, xK) follows a Dirichlet-multinomial distribution 
if (x1, ⋯, xK) ~ Multi(N, (p1, ⋯, pK)), with N =

∑
ixi, i ∈ {1, ⋯, K}, K 

number of categories (e.g., age groups), and the probabilities follow a 
continuous Dirichlet distribution such as (p1, ⋯, pK) ~ D((α1, ⋯, αK)) 
with concentration parameters αi. It is equivalent to express the distri-
bution of observations as successive beta-binomial distributions (BB(N, 
α, β) where N is the number of binomial trials while α and β are beta 
distribution shape parameters determining the binomial success prob-
ability), as follows: 

x1 ∼ BB
(

N,α1,
∑K

i=2
αi

)

x2∣x1 ∼ BB
(

N − x1, α2,
∑K

i=3
αi

)

x3∣x1:2 ∼ BB
(

N − (x1 + x2),α3,
∑K

i=4
αi

)

⋮

xk∣x1:(k− 1) ∼ BB
(

N −
∑k− 1

i=1
xi,αk,

∑K

i=k+1
αi

)

⋮

xK− 1∣x1:(K− 2) ∼ BB
(

N −
∑K− 2

i=1
xi, αK− 1,αK

)

The likelihood of the Dirichlet-multinomial can therefore be evalu-
ated as a product of the successive beta-binomial distributions. 
Expressing the distribution via the successive beta-binomial distribu-
tions allows easy access to the predictive distributions needed for esti-
mation of the OSA residuals as explained in 2.1.1. 

Logistic-normal distribution. Contrarily to the previous distributions, it is, 
to our knowledge, not possible to write down the logistic-normal dis-
tribution as successive conditional distributions on closed form. How-
ever, the observations can easily be transformed to multivariate 
normally distributed observations of one dimension less. Maximum 
likelihood estimation of parameters are equivalent for the transformed 
variables under the multivariate normal model, but the OSA residuals 
are not invariant under transformation of the observations. However, 
the OSA residuals for the transformed observations provide the same 
diagnostic information as those that would be derived from the un-
transformed observations. 

A vector of age or length proportions (x1, ⋯, xK) in a specific year 
follows a logistic-normal distribution (Aitchison and Shen, 1980) if 
we can define (α1, ⋯, αK− 1) ~ N(μ, Σ), with mean μ, covariance Σ, and 
K − 1 number of categories (e.g., age groups), such as x = Logistic− 1(α), 
where Logistic− 1 is either the additive 

x =

(
eα1

1 +
∑K− 1

i=1 eαi
,⋯,

eαk

1 +
∑K− 1

i=1 eαi
,⋯,

eαK− 1

1 +
∑K− 1

i=1 eαi
,

1
1 +

∑K− 1
i=1 eαi

)′

or multiplicative 

x =

(
eα1

(1 + eα1 )
,⋯,

eαk

∏k
i=1[1 + eαi ]

,⋯,
eαK− 1

∏K− 1
i=1 [1 + eαi ]

,
1

∏K− 1
i=1 [1 + eαi ]

)′

transformation (Aitchison, 2003). To calculate the residuals for observa-
tions following a logistic-normal, the observations are transformed, via the 
assumed model, back to the α, which is then multivariate normally 
distributed if the assumed model is correct. OSA residuals for the multi-
variate normal distribution are then easily calculated as presented in 
Thygesen et al. (2017) and are already implemented in TMB, so these will 
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not be discussed further in the paper. An important practical note is that in 
the current TMB interface the transformation from observed proportions 
x to α = Logistic(x) needs to be computed in R before the observations 
are passed to the compiled code. The additive logistic transformation is 
α = log((x1/xK,…, xk/xK,…, xK− 1/xK)

′
) and the multiplicative logistic 

transformation is α = log((x1/(1 − x1),…,xk/(1 −
∑k

i=1
xi),…,xK− 1/xK)

′
). 

2.1.3. OSA residual validation 
To validate the concept of OSA residuals for compositional obser-

vations, examples were developed where observations were simulated 
under both “true” (simulated from the distribution) and “false” (simu-
lated with model violation) models for the multinomial, Dirichlet, and 
Dirichlet-multinomial distributions. For all distributions, 4 composi-
tional groups were simulated for 100 simulations. In the case of age 
composition data, this would correspond to 4 age groups for 100 years. 
Observations under the true model were simulated directly from the 
respective true distribution. Regarding the false model, there are several 
ways to simulate observations which do not correspond to the prescribed 
distribution; we chose to simulate model violations that could realisti-
cally occur for compositions in assessment models. For the multinomial 
distribution, the observations under the false model were simulated by 
adding random noise around the true probabilities (where the model 
assumed constant probabilities), which would correspond to over- 
dispersion in the observed compositions. For the remaining distribu-
tions, the model violations were constructed to mimic the situation 
where the selectivity was gradually changing over time (where the 
model assumes constant selectivity). The selectivity was arbitrarily 

chosen to change over a 100 year period from (0.02, 0.13, 0.25, 0.60) to 
(0.13, 0.02, 0.25, 0.60) for compositional group 1–4 respectively. 

OSA residuals were calculated to validate if the residuals are 
correctly identified as independent standardized normal when the ob-
servations are from the true models and inversely when they are from 
the false models. To check that the OSA residuals are always correct, we 
replicated the process 1000 times for each model and distribution. 

2.2. Application to Gulf of Maine haddock 

Gulf of Maine haddock is assessed via ASAP (Anon, 2019), a statis-
tical catch-at-age model (Legault and Restrepo, 1999), which assumes 
that the age composition (age proportions in the total catch multiplied 
by the effective sample size, ESS) follows a multinomial distribution 
with known ESS. The ESS is used instead of the true sample size to mimic 
overdispersion in the multinomial distribution. Common goodness-of-fit 
diagnostics used currently in ASAP are Pearson residuals. Three types of 
age composition observations are considered for this stock: observations 
for one commercial fleet (fleet 1) and two independent surveys (spring 
and autumn, fleets 2 and 3). The data is disaggregated into 9 ages (1–9+) 
and cover the period 1977–2016 for the three fleets (commercial and 
surveys). 

2.2.1. Simulated observations 
To compare OSA and Pearson residuals in a “true” case where we 

know the observations follow a multinomial distribution, the multino-
mial assumption is used in ASAP to simulate observations for the three 
fleets. Five replicates of observations are simulated, each covering the 

Fig. 1. Residual bubble plots (top) and normal 
Q-Q plots (bottom) for the simple multinomial 
validation example. Each bubble is scaled to 
the residual’s size and colored given its sign 
(positive in blue or negative in green). The p- 
value of the Kolmogorov-Smirnov test for 
normality is given in the top left of the Q-Q 
plots and the line is the identity line. If the 
observations were for instance age composi-
tions, the data groups would be ages and the 
sample number would be years. (For interpre-
tation of the references to colour in this figure 
legend, the reader is referred to the web 
version of this article.)   
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period 1977–2016. For simplicity, the same annual ESS is assumed for a 
specific fleet as follows: 100 for the commercial fleet and 50 for both 
survey fleets. Here, we chose to use only 5 replicates per fleet because 
the goal is not to validate the residuals such as the validation examples 
above but to be sure the results are not just obtained at random. The 
simulated data is then used within ASAP to estimate predicted age 
composition assuming a multinomial distribution and both Pearson and 
OSA residuals are calculated outside of the model. To keep consistency 
with the OSA residuals, Pearson residuals for the last age group are not 
presented. 

2.2.2. True observations 
The same method is then used on true age composition data for the 

stock and again both Pearson and OSA residuals are estimated. The ESS 
for each fleet differ along the time series following the assumptions 
made by the assessment group in Anon (2017). The observed numbers 
were rounded to integers to allow multinomial residuals to be estimated. 
While it is not possible to know if the multinomial model is correct for 
true data, this might identify cases where Pearson residuals would lead 
to a different conclusion than the OSA residuals. 

2.3. Diagnostics 

For all residuals, residuals bubble plots are presented such that each 
bubble is scaled to the residual’s size and colored given its sign (positive 
in blue or negative in green). To test if the residuals are normal, quantile- 
quantile (Q-Q) residual plots are provided as well as the p-value of the 

Kolmogorov-Smirnov test for standard normality. A significant p-value 
of ≤ 0.05 means the hypothesis of normality is rejected and the residuals 
are not considered normally distributed. The Kolmogorov-Smirnov test 
is chosen here because it can check for standard normality with mean 
0 and standard deviation 1. 

For the OSA residual validation examples, additional checks are 
performed and presented in Appendix A1. The mean and standard de-
viation, the correlation between the different compositional groups and 
the lag 1 year correlation of the OSA residuals are calculated for all it-
erations. In addition to the Kolmogorov-Smirnov test, two extra tests for 
normality are also performed: Shapiro-Wilks and Anderson-Darling. The 
p-values of the different statistical tests (for normality and correlation) 
are compared. According to the statistical theory, when the distribution 
of the OSA residuals is correct under the true model, the rejection 
probability (p-value being ≤0.05) should be 0.05. In contrast, the power 
of the statistical tests is given by the rejection probability under the false 
model, so that, the closer to 1 the probability of rejection is, the higher 
power the test has. 

3. Results 

3.1. OSA residual validation 

For the multinomial and Dirichlet distributions, the OSA residuals 
are correctly identified as normally distributed (Kolmogorov-Smirnov 
test for normality has p-value > 0.05) under the true model and 
inversely (p-value ≤0.05) under the false model (Table A1.1 in 

Fig. 2. Residual bubble plots (top) and normal Q-Q plots (bottom) for the simple Dirichlet validation example. See caption of Figure 1 for a detailed description of 
the figure. 
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Appendix A1). However, the model violation is not obvious from the 
bubble plots of the residuals under the false model in the multinomial 
example (Figure 1). This is due to the fact that over-dispersion was the 
only model violation in this example and this mainly affects the variance 
of the residuals (Figure A1.1). 

For the Dirichlet and Dirichlet-multinomial cases (Figures 2-3), 
where a change in selectivity for the first two data groups was simulated 
under the false model, the bubble plots clearly illustrate the bad re-
siduals as not independent. For the first data group, large negative re-
siduals are observed for the first half of the time series followed by large 
positive residuals for the other half of the time series, and inversely for 
the second data group. However, the statistical test for normality could 
not be rejected for the Dirichlet-multinomial, because the power of the 
Kolmogorov-Smirnov test is low due to the cumulative distribution 
functions between the true and false model being not distant enough 
(more details in Appendix A1). 

The additional checks across 1000 iterations confirm the conclusions 
above (Appendix A1). The OSA residuals are independent (Figures A1.4- 
A1.9) and normally distributed with mean 0 and standard deviation 1 
under the true model (Figures A1.1-A1.3). Under the false model, the 
OSA residuals are clearly identified as non-independent (Figures A1.4- 
A1.9) and non standard normally distributed (Figures A1.1-A1.3). The 
power of the statistical tests to identify incorrect residuals (non-normal 
or correlated) under the false model depends on the simulated violations 
and this is explained in details in Appendix A1. 

3.2. Gulf of Maine haddock, simulated observations 

The residuals estimated from the simulated observation example 
informed by the Gulf of Maine haddock assessment for the first replicate 
of fleet 2 appear different between Pearson and OSA residuals (Figure 4). 
While it is difficult to detect any clear residual patterns in the bubble 
plots, the OSA residuals appear independent and the magnitude of the 
Pearson residuals is larger. The test for normality is rejected for the 
Pearson residuals, but not for the OSA residuals. 

The results for all the other fleets and replicates are given in 
Figures A2.1-A2.14. In the case of the OSA residuals, the test for 
normality is not rejected for any of the fleets and replicates, giving no 
indication that the residuals would not be normally distributed. On the 
contrary, Pearson residuals are rejected to be normally distributed in 7 
of the 15 cases. For some of the Pearson residuals, the distribution is 
clearly skewed and the residuals are overall larger than the OSA 
residuals. 

3.3. Gulf of Maine haddock, true observations 

The residuals estimated from the true observations example for Gulf 
of Maine haddock for fleet 2 are given in Figure 5 and in Figures A3.1 
and A3.2 for the other 2 fleets. The Kolmogorov-Smirnov test is not 
rejected for any of the fleets in the case of the OSA residuals. The Pearson 
residuals fail the test for normality in all cases. The residuals appear also 
different between the OSA and Pearson with some age effect for the 
Pearson residuals, while the OSA residuals appear independent. 

Fig. 3. Residual bubble plots (top) and normal Q-Q plots (bottom) for the simple Dirichlet-multinomial validation example. See caption of Figure 1 for a detailed 
description of the figure. 
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4. Discussion 

This paper presents the steps required to obtain OSA standardized 
residuals for composition observations. The OSA standardized residuals 
are independent (i), normally distributed (ii), with mean zero (iii), and 
with variance one (iv), when the model corresponds to the observations. 
This study demonstrates that the OSA standardized residuals do indeed 
have the desired properties (i-iv) for distributions commonly used for 
observed compositions in fish stock assessment models (multinomial, 
Dirichlet, Dirichlet-multinomial, and logistic normal). For correctly 
specified multivariate models (simulated observations), the OSA stan-
dardized residuals always have better properties than the Pearson re-
siduals, which often do not result in independent normal residuals. 
When working with true observations, the correct answer is unknown 
but the OSA and the Pearson residuals gave different evaluations with 
regards to the model’s ability to describe the observations. If used for 
validating the model, the OSA residuals would likely result in the 
conclusion that the model was an acceptable approximation, whereas 
the Pearson residuals would likely lead to the opposite conclusion. 
Pearson residuals could therefore be wrongly interpreted and result in 
rejecting a suitable model. This could have direct consequences when 
these residuals are used for validating stock assessment models. Poor 
composition residuals are typically the basis for changing estimates of 
selectivity, which could lead to changes in the resulting management 
advice. Properly validating the models proposed as basis for managing 
marine natural resources is important, as invalid models could lead to 
undesired effects on the ecosystem and management errors. 

Assessment models are often integrated models (Fournier and 
Archibald, 1982; Maunder and Punt, 2013), which means that they are 
integrating many types and sources of observations (e.g., catches, 
age-compositions, tag-returns, survey indices). This presents the chal-
lenge of correctly weighting the different data sources when estimating 
quantities of interest (e.g., abundance and fishing pressure for stock 
assessment models). The effective weighting of the different data sour-
ces is often determined in an ad-hoc manner by assigning variances or 
effective sample sizes. An important part of weighting correctly is 
therefore validating the residuals (Francis, 2011, 2017; Maunder and 
Piner, 2017). This can result in an imbalance between data sources such 
as non-compositional observations (e.g., aggregated catch or indices) for 
which Pearson residuals can easily be computed and compared to an 
independent standard normal distribution, and compositional observa-
tions, which prior to OSA residuals could not easily be standardized and 
de-correlated. For example, for age-structured catches in assessment 
models, often the total estimated catches are validated using Pearson 
residuals but little attention is given to validating the age composition 
because Pearson residuals are known to be problematic. This gives 
indirectly larger weight on the total catch than the age composition 
data. Inversely, when Pearson residuals are considered bad, composi-
tional observations are sometimes down-weighted to solve model mis-
specification (Wang and Maunder, 2017). The properties i-iv allow the 
OSA residuals from composition observations to be evaluated with the 
same statistical rigor as residuals from any other observation type (e.g., 
a normally distributed survey index of abundance). 

The validation and simulation results illustrate the difficulty in 

Fig. 4. Residual bubble plots (top) and normal 
Q-Q plots (bottom) for the 1st replicate of fleet 
2 for the Gulf of Maine haddock simulated 
example. Each bubble is scaled to the residual’s 
size and colored given its sign (positive in blue 
or negative in green). The p-value of the 
Kolmogorov-Smirnov test for normality is 
given in the top left of the Q-Q plots and the 
line is the identity line. (For interpretation of 
the references to colour in this figure legend, 
the reader is referred to the web version of this 
article.)   
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interpreting and validating residuals. Indeed, in most cases non- 
independent residuals are clearly visible in bubble plots but it might 
be difficult to identify residuals from a false model if only the variance is 
biased (e.g., multinomial example). In these cases, Q-Q plots, tests for 
normality and correlation could help identify nonnormal or correlated 
residuals. However, despite clear non-independent residuals in bubble 
plots, the tests for normality can sometimes conclude normality and 
different conclusions can sometimes be seen between different statistical 
tests as the power of the tests depends on the model violation. This il-
lustrates the need to evaluate the residuals via several plots and test 
statistics (Carvalho et al., 2017, 2021). Discussing the choice of statis-
tical tests is nevertheless outside the scope of this paper. 

De-correlating multivariate distributions by successively predicting 
from one observation to the next does imply that individual scalar re-
siduals are dependent on the order in which they are computed. The 
order in which composition residuals are computed is somewhat arbi-
trary. However, the overall properties of the residuals, and hence the 
conclusion about model validity should be the same. 

This paper provides a tool to facilitate model validation for compo-
sitional data. Naturally, model validation based on data does not stand- 
alone. The model should be selected depending on the data at hand and 
the model properties. For instance, if accounting for essential zero in the 
observed compositions is needed, then distributions using proportions 
strictly between zero and one (e.g, Dirichlet and logistic-normal in this 
paper) cannot be used and an appropriate model should be chosen 
instead. Multivariate distributions other than the ones presented in this 

paper might also be relevant. Discussing the choice of multivariate 
distributions depending on their properties and the type of data is 
considered outside the scope of this paper, some literature however exist 
to inform modelers on the subject (Aitchison, 2003; Albertsen et al., 
2017; Maunder, 2011; Francis, 2014; Thorson et al., 2017). 

The OSA residuals defined here have the correct properties in the 
same way as well-known standardized residuals from linear normal 
models. Similar to standardized residuals from linear models these re-
siduals are perfectly independent and standard normally distributed if 
they are calculated based on the true model parameters. In practical 
applications, the true model parameters are not available, so estimated 
model parameters are used instead, which means that the correct re-
sidual properties are asymptotic. Residuals can appear better than they 
should due to the parameter estimation, resulting in statistical tests for 
normality than can be rejected too rarely (Appendix A1). The lower the 
probability of rejecting the statistical test, the lower the power of the test 
is. This is a general problem that improves with the increase in sample 
size (Razali and Wah, 2011). However, in fisheries composition data, the 
sample size is often limited. Accounting for the use of estimated pa-
rameters instead of the true values in OSA residual calculation will be 
investigated in the future. 

OSA residuals are notably relevant for stock assessment models, but 
will be equally relevant for the analysis of compositional data in other 
scientific disciplines. For models without random effects, these residuals 
can easily be calculated externally to the model and we have developed 
an R-package (https://github.com/fishfollower/compResidual) that can 

Fig. 5. Residual bubble plots (top) and normal Q-Q plots (bottom) for the 2nd fleet of the Gulf of Maine haddock true observations example. See caption of Figure 4 
for a detailed description of the figure. 
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estimate residuals given data and outputs for the distributions presented 
in this paper, as well as for the multivariate normal distribution. For 
models with random effects (e.g., state-space models), the OSA residuals 
need to be estimated within the model as random processes will affect 
the correlation of the compositional variables. All these distributions are 
now supplied as contributed code to TMB (see https://github.com/vtri 
joulet/OSA_multivariate_dists) for internal use in state-space models 
based on TMB. For example, the Woods Hole Assessment Model has 
incorporated the distributions to allow OSA residuals to be calculated 
for age composition observations (Miller and Stock, 2020; Stock and 
Miller, 2021). For state-space models not based on TMB, this paper 
provides a clear description on how to implement the OSA residuals 
internally in section 2.1.2. The publicly available TMB code in the 
R-package and in the TMB contribution can also be used as examples for 
other coding languages. 
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