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Abstract
1.	 In biodiversity monitoring, large datasets are becoming more and more widely 

available and are increasingly used globally to estimate species trends and con-
servation status. These large-scale datasets challenge existing statistical analy-
sis methods, many of which are not adapted to their size, incompleteness and 
heterogeneity. The development of scalable methods to impute missing data in 
incomplete large-scale monitoring datasets is crucial to balance sampling in time 
or space and thus better inform conservation policies.

2.	 We developed a new method based on penalized Poisson models to impute and 
analyse incomplete monitoring data in a large-scale framework. The method al-
lows parameterization of (a) space and time factors, (b) the main effects of predic-
tor covariates, as well as (c) space–time interactions. It also benefits from robust 
statistical and computational capability in large-scale settings.

3.	 The method was tested extensively on both simulated and real-life waterbird data, 
with the findings revealing that it outperforms six existing methods in terms of 
missing data imputation errors. Applying the method to 16 waterbird species, 
we estimated their long-term trends for the first time at the entire North African 
scale, a region where monitoring data suffer from many gaps in space and time 
series.

4.	 This new approach opens promising perspectives to increase the accuracy of 
species-abundance trend estimations. We made it freely available in the r package 
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1  | INTRODUC TION

Biodiversity monitoring datasets are becoming more complex 
and high-dimensional, as the biodiversity crisis urges the collec-
tion and analysis of data, particularly at large scales of space and 
time (Han et al., 2014; Hughes et al., 2017; Kindsvater et al., 2018; 
White,  2019). The resulting datasets, emerging in particular from 
citizen science monitoring programmes, contribute to answering 
many important ecological and conservation questions (Pereira 
et al., 2013; Stephenson, Brooks, et al., 2017). However, their high-
dimensional complexity challenges existing statistical data analy-
sis procedures. Indeed, statistical guarantees for commonly used, 
state-of-the-art methods for large biodiversity datasets usually 
assume an asymptotic regime, where the number of observations 
is large compared to the number of parameters. Yet, one acute 
issue in biodiversity monitoring schemes is the occurrence of a sub-
stantial amount of missing data (Harel & Zhou, 2006; Nakagawa & 
Freckleton,  2008; Wauchope et  al.,  2019), up to the point where 
the asymptotic assumption becomes obsolete. This is especially the 
case in areas where data collection is costly or logistically difficult 
to undertake, but where biodiversity is no less in need of moni-
toring (Stephenson, Bowles-Newark, et al., 2017; Tibshirani, 1996). 
Hence, the development of scalable methods to impute missing 
data in incomplete large-scale monitoring datasets is crucial to un-
biased inference.

In practice, missing data in biodiversity monitoring has often 
been tackled by case removal or missing value imputation (Ellington 
et al., 2015; Onkelinx, Devos, & Quataert, 2017; Penone et al., 2014). 
In particular, using model-based imputation methods dedicated 
to spatio-temporal count data (e.g. Blanchong et  al.,  2006). The 
TRIM (TRends and Indices for Monitoring data) methodology is 
an important example of such methods, and is frequently used 
for modelling incomplete wildlife count datasets (Lehikoinen 
et al., 2013; Van Strien et al., 2004; Van Swaay et al., 2008). Other 
commonly used methods rely on chained equations (Van Buuren 
& Groothuis-Oudshoorn,  2011) or Random Forests (Stekhoven & 
Bühlmann,  2012). More recently, the use of multiple imputation 
procedures has been discussed (Bogaart et  al.,  2017; Onkelinx 
et  al.,  2017; Onkelinx et  al.,  2017) for trend modelling of wildlife 
counts.

Most of these imputation methods are backed up by theoret-
ical results guaranteeing their consistency in asymptotic settings 
where the sample size is much larger than the number of parameters. 
However, these do not scale up to high-dimensional, finite sample 

settings which appear whenever the proportion of missing values is 
large: This is known as the curse of dimensionality (Donoho, 2000).

In this study, we develop a new tool for count data imputation, 
which is effective in such high-dimensional settings, that is, when 
the count table, the proportion of missing values and the set of 
predictor covariates are large. This method is based on penalized 
estimation, using the Lasso penalty (Tibshirani,  1996). We argue 
that this new tool, implemented in the r package ‘lori’ (Low-Rank 
Interactions), is a competitive option for imputing count datasets, 
in particular when there is a large proportion of missing data, and 
when predictor covariates are available. It benefits from statis-
tical guarantees with optimal estimation error in the described 
high-dimensional settings (Robin et  al.,  2019). Such situations 
with a large amount of missing data and large predictor sets are 
frequent, as species count data are often difficult to collect, but 
covariates related to sampling sites and time points (e.g. meteo-
rological data) can generally be recovered easily: for example, via 
web scraping (Amano et al., 2018; Murray et al., 2010; Stephenson 
et al., 2015).

North Africa (comprising Morocco, Algeria, Tunisia, Libya and 
Egypt) is of strategic importance for the conservation of waterbirds 
migrating along the African-Eurasian flyway (Sayoud et  al.,  2017) 
when they need to find stopover or wintering habitats between the 
Mediterranean Sea and the Sahara Desert.

Assessing species population sizes and trends at the North 
African scale is thus essential (Galewski et  al.,  2011; Samraoui 
et al., 2011). However, for several reasons (mainly lack of financial 
or human resources, or political context), coverage of North African 
wetlands for the IWC has been highly irregular in both time and space 
(Dakki et al., 2001; EGA - RAC/SPA Waterbird Census Team, 2012; 
El Agbani et al., 1996; Sayoud et al., 2017). Thus, a large proportion 
of counts (up to 60%, depending on the species) are missing.

This study had three objectives. First, we developed a general 
model for count data imputation using penalized estimation; this 
method is able to integrate high-dimensional predictor sets. Second, 
we evaluated the performance of the method compared to six ex-
isting imputation methods on simulated and real-life waterbird 
monitoring data. The LORI method outperformed competitors, in 
particular when the proportion of missing data was large. Third, we 
applied the LORI method to recover actual missing data and infer 
species-specific trends for 16 waterbird species over 785 North 
African wetlands between 1990 and 2017. The trends identified for 
North Africa were compared to those proposed at the flyway scale 
by Wetlands International (2019).

‘lori’ (https://CRAN.R-proje​ct.org/packa​ge=lori) and recommend its use for large-
scale count data, particularly in citizen science monitoring programmes.

K E Y W O R D S

biodiversity monitoring, high-dimensional statistics, incomplete count data, missing data 
imputation, penalized estimation, waterbird trends in North Africa
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2  | MATERIAL S AND METHODS

2.1 | Low-Rank Interaction (LORI) model for 
incomplete count data

In biodiversity surveys, count datasets are typically organized as a 
large space × time matrix of site- and period-specific counts. These 
contingency tables are often analysed using Poisson GLMs with row 
(site) and column (time) effects (e.g. Van Strien et al., 2004). Consider a 
count table Y where rows correspond to ecological sites, and columns 
to different time points, with Yij the number of individuals observed 
at site i at time j. A simple example of a Poisson log-linear model is:

In Equation (1), αi corresponds to the effect of site i, and βj corresponds 
to the effect of time j. If additional covariates are available, such as me-
teorological and geographical information, model (1) may be generalized 
in order to incorporate these as well. For any site i and any year j, Xij is 
denoted as a vector of p covariates, and Xij(k) as its k-th coefficient, corre-
sponding to the value of site i and year j at the k-th covariate (e.g. the level 
of precipitation at location i and time j). Model (1) may be extended to:

In Equation (2), the additional coefficients γk correspond to the effect 
of the covariates. In a missing data imputation perspective, incorporat-
ing additional covariates is an opportunity to improve the prediction 
of missing entries, as these could be good predictors of species counts 
(Amano et al., 2018).

In addition, row–column interaction terms may also be modelled. 
For any row i and column j, the interaction term is denoted as θij. 
Model (2) becomes:

Model (3) is over-parameterized; thus, we based our approach on 
two main assumptions. First, we assumed that not all sites, years and 
covariates have a non-zero effect on the counts. Thus, the vectors of 
row, column and covariate effects (α, β, and γ) may contain several zeros. 
Second, we assumed the existence of a few groups of similar sites and 
similar years, which can be embedded by constraining the matrix of in-
teractions θ to be of low rank. Indeed, if θ is of rank r, then for any site i 
and year j, the corresponding interaction θij can be decomposed as the 
sum of multiplicative interactions between r latent factors:

In (4), r is the number of latent factors, σl is the strength of the inter-
action between the l-th site and year latent factors and uil,vjl are the 
values of the l-th factor for site i and year j.

To estimate the parameters of the model, we used penalized es-
timation approaches. These methods consist of minimizing the sum 
of two terms: the first term is the standard negative log-likelihood, 
and the second is a penalty term designed to increase with the mod-
el's complexity. In our case, the model's complexity was specified by 
the parsimony of the vectors α, β and γ, and by the number of latent 
factors driving the interactions. The standard Poisson negative log-
likelihood is given by:

We defined our penalty term as:

In (6), for any vector x, ||x||1 is the l1 norm of x (the sum of entries in 
absolute value). For any matrix M, ||M||* denotes the nuclear norm (the 
sum of singular values, also known as trace norm). Finally, the parame-
ters λ1 and λ2 control the trade-off between fitting the data and impos-
ing low-complexity models: The larger λ1 and λ2, the more coefficients 
are set to zero. In practice, the choice of these parameters is made 
using cross-validation. Note that this penalty term is the combination 
of two well-known and extensively used penalties in high-dimensional 
statistics. The l1 norm penalty comes from the Lasso technique, devel-
oped by Tibshirani (1996). The nuclear norm penalty comes from matrix 
completion (Candès & Recht, 2009; Candès & Tao, 2010). Both tech-
niques have the advantage of benefiting from sound, non-asymptotic 
theoretical guarantees.

We fit the parameters of the imputation model by solving the 
following minimization problem:

This estimation problem was initially studied in Robin et al. (2019) 
and in Robin, Klopp, et al. (2019). In these papers, the authors pro-
vide strong theoretical guarantees of the estimation capacities of (7). 
In particular, the main advantage of (7) is that the estimation error 
of the parameters 

(
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)
 increases linearly with the number of 

non-zero parameters in the model, instead of the total number of pa-
rameters (including zeros). In high-dimensional settings where the 
number of parameters is large, this can allow for a drastic reduction 
in estimation and imputation errors compared to standard estima-
tion procedures.

2.2 | Testing datasets

We first evaluated the imputation capacities of the LORI method 
on simulated count data. We simulated species counts using GLM 
for 100 sites, 30  years, 5 covariates and 2 latent factors. The co-
variates, as well as the latent factors, were generated from multi-
variate Gaussian distributions. We simulated site, year and covariate 
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effects, using standard normal distributions. Once these parameters 
were fixed, we simulated two different species count datasets using 
two different GLMs. The first model was a Poisson GLM. As for 
other wildlife, waterbird count data are known to be prone to over-
dispersion and zero-inflation (Gaget et al., 2020); we thus also simu-
lated a dataset using a zero-inflated negative binomial model (ZINB) 
with 10% of zero values.

To evaluate the imputation capacities of LORI on real-life 
waterbird count data, we selected the Northern Shoveler (Spatula 
clypeata) as a most widespread species from the IWC North African 
dataset in order to artificially introduce missing data. We extracted 
the 209 most frequently monitored sites for this duck species. As 
the IWC dataset for North Africa contains a lot of missing data, we 
could not extract a complete subsample. This real-life waterbird 
dataset initially had 25% missing data. In this example, the size of 
the predictor set was 21, and most covariates were quantitative.

For both the simulated and real-life data, we tested two differ-
ent missing data mechanisms. The first was Missing Completely At 
Random (MCAR): Each entry is missing with probability 0  <  p  <  1; 
hereafter, we refer to this mechanism as random. The second mech-
anism was Missing At Random (MAR), and the probability of missing 
data depends on site covariates. Specifically, for each entry Yij, the 
probability of missing is equal to pi, where pi is a site-based probabil-
ity that may depend on the site covariates (e.g. the country etc.). This 
second mechanism aimed to mimic practical cases where remote sites 
with difficult political, financial or logistical conditions are visited less 
regularly. Hereafter, we refer to the second mechanism as structured.

For the simulated data, the proportion of missing values was 
set to 20%. For the real-life waterbird data, which already had 25% 
missing data, we added 10% of additional missing data among the 
observed ones. These missing values were added to all but 20 sites 
out of the 209; these 20 correspond to most densely occupied sites 

(more than 1,000 birds while the third quantile is 130 birds), unlikely 
to be missed during surveys. We repeated each of the scenarios 100 
times to compare the imputation models. We also performed a more 
thorough simulation study with increasing proportions of missing 
data: The entire study is presented in Appendix S1.

In all experiments, we evaluated the performance of the differ-
ent methods in terms of the relative root mean square error (RMSE) 
of imputation. We defined the relative RMSE as follows: Y1, …, YN 
denote the true values of the missing data, and Ŷ1,…, ŶN denote the 
corresponding imputed values:

The relative RMSE of the imputation Ŷ is defined by:

2.3 | Comparing imputation methods

Using the datasets described above, we compared the LORI method 
to six other existing imputation methods.

The first competitor was the imputation of missing entries by the 
mean value of each row (hereafter, MEAN). The second competi-
tor was a Poisson GLM (hereafter, GLM); for which we performed 
model selection prior to the missing values imputation using the AIC 
criterion; such selection of variables led to smaller imputation er-
rors for GLM compared to using the entire set of covariates. The 
third competitor was Correspondence Analysis (CA, e.g. Fithian & 
Josse, 2017; Greenacre, 1984). We used the implementation of the 

RMSE
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Ŷ
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F I G U R E  1   The 785 IWC monitoring sites surveyed for at least 2 years between 1990 and 2017
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r package ‘missMDA’ (Josse & Husson, 2016). The fourth competitor 
was TRIM, a widely applied imputation model in wildlife monitoring 
schemes (Lehikoinen et al., 2013; Van Strien et al., 2004; Van Swaay 
et al., 2008), which is based on Poisson regression, implemented in 
the ‘rtrim’ r package. TRIM allows the use of categorical covariates 
and the modelling of over-dispersion in species count data. In the ex-
periment on simulated data, we discretized our quantitative covari-
ates so that they could be incorporated into the TRIM model, which 
only allows categorical covariates. Furthermore, we set the TRIM 
‘overdisp’ parameter to TRUE whenever it led to better imputation 
results. In the real-life waterbird data, incorporating some or all of 
the 21 discretized covariates increased the frequency of failure of 
TRIM because of the large number of level parameters. Thus, we did 
not use covariates in TRIM for the real-life waterbird dataset. The 
fifth competitor was Multivariate Imputation by Chained Equation 
(MICE, Van Buuren & Groothuis-Oudshoorn, 2011); we used the im-
plementation available in the r package ‘mice’. For this method, we 
included all the covariates in the imputation model, and used the 
predicted mean matching methodology (method = ‘pmm’). The sixth 
competitor was imputation based on Random Forests (Stekhoven & 
Bühlmann, 2012), implemented in the ‘missForest’ r package; we also 
incorporated all the additional covariates in the imputation model.

2.4 | North African waterbird trends

The final step of the study was the application of the LORI method to the 
analysis of time series of count data for 16 waterbird species over 785 
North African wetlands between 1990 and 2017 (Figure 1): 163 sites 
(21%) in Morocco, 373 sites (47%) in Algeria, 138 sites (17%) in Tunisia, 
91 sites (12%) in Libya and 20 sites (3%) in Egypt. The IWC scheme in 
North Africa involves teams of experienced observers (Appendix S2), 
trained specifically for the IWC, who follow the field protocol for 
waterbird monitoring recommended by Wetlands International 
(2010). Count results are centralized into the Medwaterbirds database 
(https://www.medwa​terbi​rds.net/datac​ounts.php).

We ran the LORI model on 16 species, of conservation or re-
search concern or exploited/game species in need of monitoring: the 
Gadwall Mareca strepera, Mallard Anas platyrhynchos, Northern Pintail 
Anas acuta, Northern Shoveler Spatula clypeata, Wigeon Mareca pe-
nelope, Common Coot Fulica atra, Great Cormorant Phalacrocorax 
carbo, Glossy Ibis Plegadis falcinellus, Dunlin Calidris alpina, Pied 
Avocet Recurvirostra avosetta, Greylag Goose Anser anser, Common 
Teal Anas crecca, Eurasian Spoonbill Platalea leucorodia, Ringed Plover 
Charadrius hiaticula, Common Crane Grus grus and Greater Flamingo 
Phoenicopterus roseus. We computed the yearly sum of imputed or 
observed site- and year-specific counts to obtain a yearly abundance. 
Based on this yearly abundance, we inferred species-specific linear 
temporal trends through linear regressions. Because on average 
TRIM slightly outperformed other imputation methods, LORI ex-
cepted (Figure 2) and is by far the most frequent approach currently 
implemented in waterbird trend modelling (Lehikoinen et al., 2013), 
we imputed these waterbird trends using both TRIM and LORI.

(a) - Poisson simula�ons 

(b) - ZINB simula�ons 

(c) – Northern Shoveler simula�ons 

F I G U R E  2   Violin plot of relative RMSE for eight imputation 
methods on (a) simulated Poisson data (20% missing data), (b) 
simulated ZINB data (20% missing data) and (c) real-life Northern 
Shoveler count data (10% additional missing data amounting to 30% 
overall missing data), for two missing data patterns (see Section 
2). Mean and median are indicated by points (mean: black point, 
median: red point)
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Temporal and spatial autocorrelation are frequent in species 
distribution data (Dormann et  al.,  2007). We assessed spatial auto-
correlation by Moran's I (Moran, 1950) over the site-specific LORI re-
siduals averaged over all observed years, using the coordinates of each 
site. Temporal autocorrelation was assessed by checking the semi-
variogram of the yearly LORI residuals averaged over all observed sites.

We modelled the time-trend and spatial distribution of waterbird 
counts in North Africa using 21 covariates. Our choice of each covari-
ate was governed by a priori hypothesis; see Appendices S3 and S4 for 
a complete description of the covariates and ecological hypotheses.

3  | RESULTS

3.1 | Comparing LORI to existing imputation 
methods

Our first experiment compared the relative RMSE of imputation 
between seven competing methods and two different missing data 
patterns on the two simulated datasets generated by Poisson and 
ZINB models, and on the real-life waterbird data subset containing 
abundance data for the Northern Shoveler in North Africa.

Overall, the LORI method outperformed competitors in both ac-
curacy and precision (Figure 2). If the dataset had 20% missing data, 
LORI provided a stable imputation procedure, with around 0.2 rela-
tive RMSE for the Poisson and ZINB data, with little variability. The 
competing methods had larger imputation errors (between 0.3 and 
0.8). Overall, imputation performance had the same behaviour for 
both missing data mechanisms across the seven methods. However, 
imputation precision was generally higher for the random missing 
data mechanism. Similar results for 40%, 60% and 80% missing data 
are presented in Appendix S1. In addition, computational times dif-
fered between methods, the fastest being GLM (10 ms), then CA and 
TRIM (200 ms), then LORI (2 s) and finally MICE and MISSFOREST 
(5–10 s); see Appendix S1 for the full results. Overall, the computa-
tional time of LORI was of the same order of magnitude as MICE and 
MISSFOREST, and around five times larger than TRIM and CA.

The results of the experiment on ZINB simulated data (Figure 2b) 
show that LORI is quite robust to over-dispersion and zero-inflation. 

This may be explained by the incorporation of year/site interactions, 
which allows for larger variability between the imputed counts. In 
the experiment on waterbird data (Figure 2c), LORI improved on its 
competitors in accuracy, and yielded quite stable imputation results.

3.2 | Regional trends of North African waterbirds

Using the LORI method to impute count matrices for 16 waterbird 
species, we estimated their long-term trends for the first time at the 
North African scale over all 785 IWC sites (Appendix S5).

Out of the 16 species trends produced, two showed different 
trends between LORI and TRIM (Great Cormorant and Northern 
Shoveler, see Figure 3). For the Northern Shoveler, LORI indicated a 
stable/fluctuating trend (F = 0.03, df = 26, p = 0.865), whereas TRIM 
indicated an almost significant increase (F = 3.97, df = 26, p = 0.057). 
For the Great Cormorant, the TRIM-inferred trend showed a signifi-
cant increase (F = 5.10, df = 26, p = 0.036), whereas the LORI trend 
remained inconclusive, hence could also qualify as stable/fluctuating 
(F =  2.39, df =  26, p =  0.134). LORI also provides parameter esti-
mates for the ecological and anthropic drivers potentially governing 
the distribution of each species in space and time (Appendix S6).

All 16 species had a Moran's I below 0.05 when modelled with 
LORI. When modelled with TRIM, two species displayed weak but 
significant spatial autocorrelation (Moran's I > 0.07, p < 0.05). Overall, 
p-values for Moran's I were significantly lower for spatial residu-
als with TRIM than with LORI (Pairwise Wilcoxon Rank Sum Tests 
over n =  16 species: Z =  2.02, p =  0.044). Similarly, only one spe-
cies (Northern Shoveler) showed significant temporal autocorrela-
tion within 2 years when modelled with LORI while three, including 
the Northern Shoveler, showed significant temporal autocorrelation 
within the same two time-lags when modelled with TRIM.

4  | DISCUSSION

Large-scale count datasets are essential to biodiversity monitoring 
and biodiversity management (Hughes et  al.,  2017; White,  2019). 
In the remote areas where these data are most needed, it often 

F I G U R E  3   Yearly counts over all 785 North African sites for the Great Cormorant (a) and the Northern Shoveler (b) as modelled by LORI 
(solid lines) and TRIM (dotted lines) with the respective linear time trend
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suffers from significant gaps in space or time sampling. This study 
experimentally demonstrates, using an empirical real-life waterbird 
dataset and two simulated datasets, that the LORI method is a ro-
bust solution to accurately impute missing data. LORI systematically 
outperformed competing methods in imputation accuracy. The im-
putation performance of LORI is likely due to its capacity to take 
into account a large number of covariate effects, as well as the most 
influential time × space interactions, and to the penalization of the 
model's coefficients, which tends to reduce their variability. In addi-
tion, as shown by the experiment on ZINB data, the method seems 
to show relative robustness to over-dispersion and zero-inflation.

However, even in the context of penalized maximum likelihood, 
estimating the effect of several covariates as well as time, space and 
time × space effects remains demanding in sample size. One limita-
tion of our approach is that the LORI modelling tools preferably apply 
to relatively large datasets (such as our original 785 sites × 28 years 
count table). Thus, we recommend investigating the influence of sam-
ple size on the performance of LORI. In terms of computation time, 
the cross-validation approach to select the regularization parameters 
λ1 and λ2 can increase the computational time, but overall, our pro-
posed method remains reasonably fast computer-wise, with compu-
tational times of the same order of magnitude as TRIM and MICE.

Given the observed differences in imputation accuracy, LORI can 
potentially indicate different trends compared to those inferred from 
existing methods. For instance, out of the 16 species we studied, two 
showed large differences in trend estimation when analysed using 
LORI or TRIM (Figure 3). If differences between these methods appear 
over such a long time span (28 years), they could potentially be even 
more blatant at a shorter span, for example, a 10-year span, which is 
the recommended timescale for short-term waterbird trend assess-
ment (Lougheed et al., 1999; Van Roomen et al., 2011). This discrep-
ancy in trend estimation illustrates the promising applications of this 
new method. As trend estimation is a major diagnostic tool in the con-
servation and management of wild species, we argue that LORI is a tool 
well adapted to supporting conservation decisions as it provides good 
imputation performance, and hence trend estimation that is more likely 
to be reliable, particularly when predictor covariates are available.

Overall, there was less autocorrelation in the LORI residuals com-
pared to the residuals of other methods. This shows that the use of 
several covariates may account for most of the autocorrelation that 
could otherwise penalize subsequent modelling (Bardos et al., 2015; 
Wintle & Bardos, 2006). In our case, only the Northern Shoveler dis-
played some significant yet relatively marginal first-order positive 
temporal autocorrelation (ACF  =  0.41*), suggesting either relative 
site fidelity to the North African wintering areas or our inability to 
account for the multiplicative effect of reproduction on previous 
winter counts despite the use of various meteorological indices for 
the corresponding breeding season (Appendix S3).

Interestingly, three of the studied 16 species show a significantly 
different trend between the North Africa scale and the (wider) 
corresponding flyway scale according to Wetlands International 
(2019). Our results found that the trend for the Mallard in partic-
ular shows a highly significant increase in North Africa, whereas 

Wetlands International assesses it as stable/fluctuating at the wider 
European/Mediterranean level. Conversely, we found a stable/
fluctuating trend for the Common Crane in North Africa, but this is 
assessed as increasing at the wider European/Mediterranean level. 
Similarly, we estimated a highly significant decline for the Greylag 
Goose in North Africa, but this species is assessed as increasing at 
the wider central European/North African level. In a context of cli-
mate change, the winter distribution of migratory birds in general 
(Visser et al., 2009), including waterbirds (Maclean et al., 2008), is 
drifting north. This seems to be the main reason for the absence of 
an increase seen in the latter two species in North Africa, in spite of 
their increase at the wider European scale (Cusack et al., 2019). For 
the Mallard, the trend discrepancy between North Africa and the 
European/Mediterranean is surprising, as southerly migration from 
northern Europe is shortening and the wintering range is shifting 
north, possibly as a result of climate change (Guillemain et al., 2015). 
Total North African counts of the Mallard are mostly driven by 
counts in Morocco (Appendix  S6), where the species is the most 
widespread breeding Anatidae (Cherkaoui et  al.,  2017). Breeding 
may indeed have been enhanced in the last decades by improved, 
mainly hydrological, conditions in lakes and marshes and an increase 
in the number of reservoirs.

5  | CONCLUSIONS

The penalized estimation approach applied to missing data imputation 
opens promising perspectives for analyses of large-scale count data. 
Taking advantage of the Lasso penalty, the LORI method has the capac-
ity to integrate many environmental covariates, as well as time × space 
interactions. This brings improvement over standard approaches by 
incorporating more information, reducing autocorrelation, as well as 
estimating outliers, including for reasonably over-dispersed or zero-
inflated count distributions. As covariate data will become increasingly 
available, allowing for analyses of large waterbird count datasets, pe-
nalized approaches such as LORI may become the recommended op-
tion to enhance analyses of incomplete wildlife counts.
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