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Abstract

Although there is a wide range of empirical models applied to predict the distribution and abundance of organisms, we lack an
understanding of which ecological characteristics of the species being predicted affect the accuracy of those models. However, if
we knew the effect of specific traits on modelling results, we could both improve the sampling design for particular species and
properly judge model performance. In this study, we first model spatial variation in winter bird density in a large region (Central
Spain) applying regression trees to 64 species. Then we associate model accuracy to characteristics of species describing thei
habitat selection, environmental specialization, maximum densities in the study region, gregariousness, detectability and body
size.

Predictive power of models covaried with model characteristics (i.e., sample size) and autoecological traits of species, with 48%
of interspecific variability being explained by two partial least regression components. There are species-specific characteristics
constraining abundance forecasting that are rooted in the natural history of organisms. Controlling for the positive effect of
prevalence, the better predicted species had high environmental specialization and reached higher maximum densities. We alsco
detected a measurable positive effect of species detectability. Thus, generalist species and those locally scarce and inconspicuou
are unlikely to be modelled with great accuracy. Our results suggest that the limitations caused by those species-specific
traits associated with survey work (e.g., conspicuousness, gregariousness or maximum ecological densities) will be difficult to
circumvent by either statistical approaches or increasing sampling effort while recording biodiversity in extensive programs.
© 2005 Elsevier B.V. All rights reserved.
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1973; Cody, 1985; Caughley and Gunn, 123gow- intensity). We could also know the maximum accuracy
ever, practitioners of these disciplines have recently attainable with the analytical approach, which would
acquired a wide range of modelling methodologies, enable us to make informed judgements on model per-
based on modern statistical approaches that benefitformances.
from continuous developments on both geographical Birds are a suitable biological group to assess
information systems and remote sensifyisan and among-species differences in modelling accuracy be-
Zimmermann, 2000; Scott et al., 2Q05everal em- cause they show a wide range of ecological traits and
pirical models to analyze distribution and abundance they may be surveyed in large areas. Bird species
have been spreading during the last decade, suchdiffer greatly in stenotopy, abundance, geographical
as generalized additive modelse@thwick, 1998; range, mobility and detectability, the main factors that
Lehmann, 1998; Seoane et al., 2p0dlassification could help to explain variation in modelling accu-
and regression treeD¢€’Ath and Fabricius, 2000; racy. These interspecific differences increase dramat-
Dzeroski and Drumm, 200Q3neural networksl(ek et ically in winter, when birds are not constrained to a
al., 1996;0zesmi anddzesmi, 1999; Dedecker et al., nest site or a fixed territory, and they may gather in
20049 and distance-based models such as ecologicalnomadic flocks tracking feeding resourcésgtwell,
niche factor analysis (ENFA) and climatic envelopes 1972. In this paper, we study the effect of species’ au-
(e.g.,Hirzel et al., 2002; Pearson and Dawson, 2003; toecological traits on predictability of habitat suitabil-
Huntley et al., 2004; Remm, 20p4These techniques ity models, working with wintering birds of Central
have been compared in terms of predictive accuracy Spain. First, we model spatial variation in bird density
and ease of useGisan et al., 1999; Manel et al.,, using regression trees. Second, the predictive power
1999; Olden and Jackson, 2002; Segurado andjdra  of these models are related to biological characteris-
2004; Yen et al., 2004 with the conclusion that there  tics of species describing environmental preferences
is not a single best method. In fact, predictive accuracy and specialization, maximum densities attained in the
varies more among species than among modelling study region, gregariousness, detectability and body
techniquesElith and Burgman, 2002; Thuiller et al.,  size.
2003.

Nevertheless, little is known about whether ecolog-
ical traits of species may predict the errors in habitat 2. Methods
suitability modelling (but se&3oone and Krohn, 1999;
Kadmon et al., 2003 For example, among groups of 2.1. Study area
animal species, the success of several modelling tech-
nigues relates inversely with spatial variability (mo- The study area is located in the centre of the Iberian
bility and nomadism) and niche width, but there are Peninsula, comprising Madrid province and surround-
some effects which are not consistent across all bio- ing areas of Segovia and Guadalajara (less than 50 km
logical groups Pearce and Ferrier, 2000; Pearce et al., from the province border). Altitude ranges from 450 to
2007). Similar effects have been found within partic- 2450m a.s.l. The climate is Mediterranean continen-
ular groups of species, with negative effects of niche tal, with cold winters near the Guadarrama mountains
width and positive effects of commoness, abundance and milder weather in the valleys of the Tajo basin.
and detectability Boone and Krohn, 1999; Kadmon There is a wide variety of habitats in this region: au-
et al., 2003. Nevertheless, among-species differences tochthonous forests (pinewoodsRihus sylvestris..,
are often less clear-cut (see, for examidéith and riparian woods, deciduous oakwood<@fercus pyre-
Burgman, 2002who in a study of vascular plants did naicaWilld. and evergreen holm-oakwoods @f ilex
not find associations between specific traits and model subsp.ballota [Desf.] Samp.), open wooded habitats
discrimination ability). The analysis of the association (ash and holm-oaks parklands), scrublands, artificial
between species biological traits and model accuracy is and natural pasturelands, marshlands, rock outcrops,
useful because if we knew the effect of specific traits on various agricultural formations (vineyards, olive plan-
modelling results, we could improve the sampling de- tations, extensive cereal croplands) and urban areas
sign for some particular species (e.g., modifying survey (from small villages to large citiesf(g. 1).
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O—Ilacking or very sparse vegetation cover; (1) pas-
turelands; (2) shrublands with sparse vegetation cover
made up of bushes lower than 0.5 m; (3) thick shrub-
lands with bushes higher than 0.3 min height; (4) park-
lands, narrow riparian woods, hedgerows; (5) dense
forests with trees higher than 4 m (mainl8 m). Val-

ues of 0-1 were used to codify the absence (0) or the
presence (1) of the following habitat attributes: agri-
cultural use, urbanization, presence of water (pools,
streams), rocky outcrops, coniferous trees, deciduous
trees and evergreen trees.

Considering the density of species in the surveys,
and the characteristics of the 77 line transects, the
weighted means of each species in the variables de-
scribing survey plots were obtained. These weighted
means will be used to obtain the environmental avail-
ability of selected habitats in the study region (see be-
low) and the average complexity of selected habitats
by each species.

Differences between species environmental prefer-
ences and the availability of those environments in
the study region (END from environmental distance)
were calculated by the Euclidean distance between the

Bird surveys were performed in wintertime (Decem- means of explanatory variables (excluding geographi-
ber, January and the first fortnight of February from cal coordinates) usingthe 77 survey plots (i.e., the avail-
1981 to 2003) by the authors of this paper and were also ability sample) and the weighted means of each species

Fig. 1. Location of the study area in the Iberian peninsula with the
layout of surveys (dots). The outline represents Madrid province.

2.2. Survey data

obtained from published data in the literatuBatos

in the variables describing these 77 survey plots (i.e.,

et al., 1983; Potti, 1985a, 1985b; Santos et al., 1985; the preference sample). Before computing Euclidean

Monreal, 1986; Carrascal, 1988; Telet al., 1988;
Carrascal et al., 2000The survey method was the

distances, each variable was standardized to mean zero
and S.D.=1 (i.e., each variable weighed the same in

line transect with survey belts of 25 m at each side of distance estimations).

the progression lineBibby et al., 2000 a line tran-

The sample of 77 surveys was grouped into 27 differ-

sect of 1 km samples 5 ha). Transects were establishedent habitat categories considering vegetation structure,
throughout the study area covering nearly all habitats in floristic composition, altitudinal distribution and hu-
the region. All surveys were carried out within homo- man impact. These 27 habitats are representative of the
geneous areas in windless days without precipitations, main environments for birds found in the study area,
between 8:00-11:30 and 15:00-17:00 GMT, at a low accounting for more than 99% of the area of the re-
speed (1-3 km/h). We gathered data for 77 transects,gion. For each one of these 27 habitats, average den-
covering an area from 8 to 500 ha (median=32ha). sity was obtained for the 64 studied species. Habitat
Bird density was expressed in birds/10 ha. Due to breadth (HB) of species was calculated following the
sample limitations, statistical analyses were only per- Levin's index divided by the number of habitat cate-
formed with 64 species appearing in at least five sur- gories Levins, 1968:

veys.
. . -1
Each survey transect was characterized by its ge- (lel Pi2>
ographic location (latitude and longitude), altitude, HB = —

and seven variables describing habitat structure and
floristic composition. An index of structural complex- wherep; is the proportion of the density for each species
ity and vegetation volume (SCI) ranged from 0 to 5: measured in the habitatdividing density in habitat
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by the sum of all densities in the 27 habitats). This The predictive power of models was evaluated with
index ranges between 1 (evenly distributed across thea data-splitting strategy (similar to that Boyce et
27 habitats) and 1/27 (only present in one habitat). al., 2003. We obtained a random sample of 80%
We also recorded the flock size of bird speciesin the of original data (77 surveys 80/100=62 surveys).
study region during the winters of 1999-2003. When a We built a tree regression model with this sample.
species was contacted, we tried to count all individuals This model was used to predict densities in the other
observed within a radius of 25 m from the flock centre. ‘not-used’ sample of 20% of the original data (77
By means of this procedure we obtained enough data tosurveys; 7% 20/100 =15 surveys). The densities ac-
make a coarse-grained description of the average grouptually measured in the test sample of 15 censuses
size of the 64 species included in data analyses (samplewere correlated with those predicted by the model
size for all species ranged between 6 and 108 groups;built with the sample of 62 censuses. In each ran-
median = 34 groups). domisation, we obtained a measurement of the agree-
The surveys used in this paper also counted the ment between predictions and observations in the cen-
birds observed outside the transect belts. An index of sus data, using the Spearman correlatighl{etween
lateral detectability was builtdarvinen and isanen, the observed densities and those predicted by each
1979, as the ratio between the birds belonging to each tree regression model in the subsample of 15 testing
species observed inside the transect belt and the totalcases. This process was repeated 50 times. Final es-
amount of birds observed (i.e., the ratio of main belt to timates of agreement between predicted and observed
total belt observations). This index reflects important densities were the average of the 50 Spearman rank
species characteristics related to the interaction with correlations.
the observer, such as song or call intensity and audibil-  Interspecific variation in predictive power of regres-
ity, conspicuousness, mobility, etc. It ranges between siontreeswas related to species-specific traits by means
high values for inconspicuous species (e.g., >75% of of partial least squares regression (hereafter PLSR),
individuals observed at less than 25 m at both sides of using species as the sample umtG4). This is an
the observer) to low figures for more detectable species extension of the multiple regression analysis where
(e.g., <5% of observations at less than 25 m; see alsothe effects of linear combinations of several predic-
Jarvinen and \disanen, 1976;arvinen, 1978 The data tors on a response variable can be analyzed. Asso-
on body mass for the 64 analyzed species were takenciations are established with factors extracted from

from Perrins (1998jFig. 1). predictor variables that maximize the explained vari-
ance in the dependent variable (in our case, the predic-
2.3. Statistical analyses tive power of tree models). These factors are defined

as a linear combination of independent variables, so

Species density (birds/10ha) in survey samples the original multidimensionality is reduced to a lower
were analyzed using regression treéSlatk and number of factors to detect structure in the relation-
Pregibon, 1993; De’Ath and Fabricius, 2000/e built ships between predictor variables, and between these
models with the geographic position of transects and factors and the response variable. The extracted fac-
the habitat characteristics as explanatory variables. tors are orthogonal (i.e., independent of each other)
Regression trees are of great interest in dealing with and they account for successive lower proportions of
complex interactions between variables and can original variance. For more details on this statistical
easily handle explanatory variables of different types exploratory technique, seitatSoft (2001and Tobias
(categorical, continuous with varying shapes). These (2003)
models provide a set of dichotomous rules (splits) for ~ The simplest model explaining the interspecific
dividing the data in homogeneous sets (leafs). To avoid differences in predictive power of regression trees
overparameterization (i.e., growing a tree too large), was obtained by means of stepwise regression anal-
we constrained tree complexity pruning by deviance ysis. The results were consistent in the forward
on trees with a minimum of five samples per leaf. We and backward approaches with=0.05 as signif-
used tree function of S-Plus 2000lark and Pregibon,  icance criterion to enter or to remove particular
1993. effects.
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Bird species are evolutionarily related throughout 3. Results
a phylogenetic scheme, and therefore, they should not
be treated as independent sample urfisigenstein, Table 1shows the results of statistical models built
1985; Harvey and Purvis, 1981This has been estab-  with densities of 64 species in the sample of 77 sur-
lished as a common paradigm in evolutionary ecology vey transects using regression trees. All models signif-
research, although itis subjected to controversy and de-icantly explained the data, in most of the occasions at
bate {Mestoby et al., 1995; Ricklefs and Starck, 1996; P <0.001. Original deviance explained varied between
Price, 1997. Several authors have pointed out that on 11 and 79% (average = 40.6%). Predictive power of re-
many occasions similar results are obtained in phy- gressiontreesranged betwee®.02 and 0.74 (average
logenetic and non-phylogenetic analyses (eRgice, rs=0.363).
1997, and that in some instances ecologists are notin-  Interspecific variability in predictive power of mod-
terested in patterns of biological diversification across els covaried with ecological traits of specidalfle 9.
evolutionary time, but only in present day relationships Forty-eight percent of interspecific variability in pre-
comprising non-evolutionary associations under man- dictive power of regression trees models was explained
transformed environments. As in our case, we study by two partial least regression components. The first
the relationships among ecological traits of species and one (40.5% of variance) shows that better predicted
their present day distribution derived from inventories species have higher prevalences, they have larger differ-
in a transformed landscape, we have simplified data ences between their habitat selection and the availabil-
analyses avoiding the complexities and drawbacks of ity of those environments in the study region (END),
comparative methods (i.e., uncertainty about models and reached higher maximum densities, specially in
of evolutionary change, phylogeny topology or branch more structurally complex habitats (i.e., woodlands).
lengths). The second component (7.5%) relates predictive power

Table 1
Values of specific traits and results of models built for predicting density (birds/10 ha; tree regression models were built using 77 censps transects
of 64 bird species

N LV p D2 (%) rs Drmax END HB SCI DET FS w
Aegithalos caudatus 28 6 o 75.0 0.60 106 2.4 0.22 %5 67.1 59 75
Alauda arvensis 17 4 60.0 057 386 4.0 0.15 (03} 356 125 380
Alectoris rufa 18 6 34.0 015 35 2.3 0.18 2 503 24 5250
Anthus pratensis 23 5 21.0 044 283 2.3 0.08 12 508 44 188
Buteo buteo 10 5 ” 24.0 043 12 2.5 0.07 % 32 12 8250
Carduelis cannabina 25 5 20.0 0.30 364 3.1 0.17 12 597 311 176
Carduelis carduelis 34 6 350 025 437 15 0.15 5 350 134 160
Carduelis chloris 12 5 330 0.26 81 3.2 0.14 19 438 9.4 265
Carduelis spinus 11 6 330 010 260 24 0.07 Vel 569 114 132
Certhia brachydactyla 34 6 49.0 071 118 2.3 0.24 %5 433 12 83
Cettia cetti 13 4 440 0.69 161 3.3 0.07 2 687 11 133
Cisticola juncidis 11 4 380 0.46 23 3.1 0.10 2 494 13 89
Columba livia 14 6 67.0 053 178 4.6 0.06 17 419 30 2700
Columba palumbus 24 6 29.0 043 278 3.9 0.10 K 131 155 4850
Corvus corone 17 7 300 021 35 2.2 0.20 k] 21 25 5700
Corvus monedula 12 6 31.0 012 201 2.9 0.17 3 359 296 2400
Cyanopica cyana 9 6 27.0 0.30 91 29 0.15 % 319 102 720
Dendrocopos major 15 7 29.0 0.37 19 24 0.18 5 396 11 800
Emberiza cia 23 9 36.0 0.04 53 1.5 0.30 D 564 35 235
Emberiza cirlus 8 5 26.0 0.07 28 2.2 0.10 29 514 45 255
Emberiza schoeniclus 5 3 410 047 61 3.3 0.08 13 537 24 180
Erithacus rubecula 45 8 79.0 045 104 1.7 0.42 3 449 1.0 167
Falco tinnunculus 6 5 NS 330 0.05 07 2.6 0.06 pos) 200 11 2350
Fringilla coelebs 44 7 280 0.40 677 2.0 0.24 % 335 6.1 230
Galerida cristata 18 7 34.0 022 86 2.4 0.25 15 485 39 414
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Table 1 Continued

N LV p D? (%) rs Drmax END HB SCI DET FS w
Galerida theklae 20 6 40.0 011 48 1.9 0.25 17 405 2.8 368
Garrulus glandarius 7 7 NS 110 0.04 03 21 0.07 3 48 15 1740
Lanius excubitor 23 9 NS 330 0.04 10 1.1 0.29 5 354 11 635
Loxia curvirostra 9 3 450 0.70 83 46 0.06 5 200 88 392
Lullula arborea 13 6 280 0.22 44 2.4 0.17 k3 377 37 261
Melanocorypha calandra 6 4 300 0.28 167 3.8 0.09 @ 386 260 650
Miliaria calandra 16 5 300 0.23 117 21 0.26 2 435 6.2 430
Motacilla alba 35 7 37.0 0.48 79 20 0.18 p::] 415 22 210
Motacilla cinerea 9 3 - 35.0 025 31 36 0.07 k3] 756 12 180
Parus ater 21 6 700 071 194 36 0.16 50) 549 5.0 9.9
Parus caeruleus 42 5 65.0 0.66 191 24 0.27 i} 558 15 113
Parus cristatus 18 4 67.0 074 72 36 0.14 ] 480 21 105
Parus major 49 8 58.0 057 156 1.7 0.39 3 457 16 168
Passer domesticus 25 5 780 066 1484 4.4 0.11 2 639 166 280
Passer montanus 12 7 39.0 016 64 29 0.08 5 952 97 220
Petronia petronia 7 5 250 —0.02 34 21 0.14 20 311 9.9 310
Phoenicurus ochruros 21 7 37.0 024 44 1.3 0.16 2% 668 11 165
Phylloscopus collybita 37 6 39.0 0.43 323 3.1 0.19 % 598 17 7.7
Pica pica 40 7 44.0 063 190 2.4 0.36 % 281 28 2250
Picus viridis 23 8 47.0 0.39 12 17 0.17 K3 111 10 2000
Prunella modularis 19 9 35.0 017 28 1.1 0.18 2 405 11 193
Regulus ignicapillus 28 6 60.0 0.46 83 28 0.16 4 648 21 53
Regulus regulus 13 4 54.0 058 58 4.0 0.06 ] 857 45 55
Remiz pendulinus 6 4 41.0 0.48 126 3.2 0.04 18 590 26 100
Saxicola torquata 28 8 57.0 038 36 24 0.26 15 485 14 152
Serinus citrinella 12 4 20.0 044 75 41 0.12 % 339 33 125
Serinus serinus 35 9 57.0 054 169 15 0.31 2% 434 59 115
Sitta europaea 15 5 37.0 055 24 3.7 0.09 % 352 13 234
Sturnus unicolor 32 9 64.0 051 393 33 0.19 2 144 678 880
Sylvia atricaprilla 14 4 . 230 0.05 70 3.9 0.05 3 603 11 223
Sylvia melanocephala 13 4 46.0 0.50 28 42 0.13 2 492 10 112
Sylvia undata 22 9 480 0.24 30 21 0.24 2 454 12 105
Troglodytes troglodytes 28 7 58.0 0.38 34 24 0.27 3B 540 11 88
Turdus iliacus 9 5 34.0 0.07 47 3.0 0.11 e} 178 76 625
Turdus merula 52 8 55.0 031 149 2.0 0.38 D 446 13 861
Turdus philomelos 34 6 . 250 0.35 298 2.7 0.13 3 568 2.8 700
Turdus viscivorus 26 6 20.0 0.29 70 20 0.07 a 173 106 1192
Upupa epops 5 4 NS 260 0.47 02 34 0.09 2 424 11 650
Vanellus vanellus 10 4 26.0 033 41 33 0.09 2 98 222 1920

N: number of census transects where the species were present (prevalence); LV: number of final predicted values (leaves) in regrpssion trees;
significance of model${ P<0.001, N.S.: non-significantl? (%): reduction of original deviance expressed in percentagayerage Spearman
correlation between predicted and observed densities in internal validation tests (50 repefitiprsipaximum abundance measured as the
average of the three largest densities in the sample of 77 censuses; END: distance between environmental preferences and environmen
available in the study region; HB: habitat breadth in 27 different habitat categories considering vegetation structure, floristic composition,
altitudinal distribution and human impact; SCI: structural complexity index of occupied habitats; DET: inconspicuousness measured as the
percentage of birds detected in the proximity of the observer (less than 25 m); FS: average flock size; W: body mass in g.

of tree models with those birds that, having high envi- A stepwise multiple regression analysis explained
ronmental distance and large prevalences, are conspic-57.4% of the original interspecific variability in pre-
uous and large-sized species, and they usually havedictive power of models of the 64 studied species
small maximum abundances and do not gather in large (F2,61=28.29, P« 0.001). The selected variables
flocks. were the prevalence (standardized regression coeffi-
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Table 2 statistical procedures or sample characteristics (e.qg.,
Results of partial least square regression analyses relating predictivesamme size and prevalence). However. other ecologi-
power of regression trees (segin Table J) to statistical model . . . ' . g
characteristics and ecological traits of species C,al traits o,f species ,SUCh as habitat use, habitat Sel,ec
tion, foraging behaviour or abundance, could explain
predictive power per se, considering the interaction be-
tween species and observers while sampling. This has
been an unattended subject in modeling organism dis-

Regression trees
(density: birds/10 ha)

COMP1 COMP2

Prevalence (N) a7 0.31 P .
Environmental distance (END) @ 0,63 tributions (but seeBoone and Krohn, 1999; Kadmon
Habitat breadth (HB) 08 004 etal, 2003 _ _
Structural complexity index (SCI) 87" 0.22 Better predicted species are those most special-
Maximum abundance (Dmax) o —-0.28 ized in their habitat selection that also attain very
Flock size (FS) —0.02 —029 high local densities. Stenotopic species, whose se-
Inconspicuousness (DET) AL —038 lected habitats are scarce and clearly identifiable in
Body mass -0.18 038"

the study region, should be more likely to be accu-
RE (%) 4830 Egoz rately modelled and predicted because their sharply
P <0001 defined distributions allow the identification of unam-

For more details about variables sBable 1 R? (%): percentage  biguous habitat selection patterns by splitting crite-
of variance in interspecific differences in predictive power of tree ria in regression trees. On the other hand, the species

models accounted for each component, showing higher maximum abundances are also those
» ﬁ:g'gi' with larger variability in the modelled response (i.e.,
*+4 P <0.001. in density), because the density values in transects

vary from 0 birds/10 ha (absence) to the maximum
ecological density. Contrarily, less powerful mod-
cient,8=0.61,P « 0.001), and environmental distance els are expected in very rare or relatively scarce
(END; p=0.68,P « 0.001). species, whose maximum abundances are low, and
therefore the range in the response variable is nar-
row. Thus, a broad variability in the response vari-
4. Discussion able helps to determine sharply defined distribution
patterns explaining a large proportion of spatial vari-
Line transects with survey belts (strip transects) ation in abundance. These two facts working to-
have been used to sample avifaunas extensively gether (stenotopic species that can reach high densi-
(Hildén, 1986; Raven etal., 20pAlthoughitdoesnot  ties) allow researchers to obtain models that explain
provide exact density estimations because detectabil-and predict a large proportion of spatial variation in
ities are far below 100% (usually 33—95%jrvinen abundance.
and Vaisanen, 1975; d@rvinen, 197§ relative abun- Habitat breadth does not contribute to explain in-
dance estimates are useful for comparisons betweenterspecific variability in predictive power of models.
habitats or regions, for defining species-specific habi- Therefore, habitat width per se seems of little value be-
tat selection, for analyzing macroecological patterns, or cause it is the interaction between habitat selection and
for building predictive maps of regional distribution or  environmental availability what really matters (END,
habitat suitability Rotenberry and Wiens, 1980; Raven see alsoBoone and Krohn, 1999; Garrison and Lupo,
et al., 2003. Nevertheless, when forecasting bird dis- 2002; Hepinstall et al., 2002
tribution or abundance it is necessary to be aware of  Predictability of bird densities covaried with
the accuracy of predictive models. In general, the pro- habitat selection of species according to the structural
portion of explained variability in bird abundance de- complexity of habitats: species inhabiting more
rived from statistical models is used as a surrogate wooded habitats were better predicted than open
of model success. Interspecific discrepancies in mod- space birds. This result is probably an artefact derived
elling results are expected considering differences in from casual correlations between habitat structural
the goodness-of-fit of species data to assumptions of complexity and other variables. Thus, species in-
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habiting forests during winter are specialists that a well designed sampling protocol (e.g., stratified by
occupy scarce environmental formations, and have habitats).
large values of environmental distance (END; e.g.,
mature forests, montane pinewoods and riparian
woodlands; Regulus regulus Dendrocopos major
Loxia curvirostrg Serinus citrinella Sitta europaea
etc.).

Inconspicuousness should limit the prediction of
densities because less conspicuous species are pron
to pass undetected in survey plots, more notably when

they are rare. Linked with this phenomenon is the eral Additive Models). Nevertheless, there are limits to

body size of species: small sized birds are prone to model accuracy that could not be overcome by method-
pass undetected because they are less visible, partic- y y

ularly in more vegetated habitats far away from the ological refinements pursued by the researchers. This
observer Carrascal et al., 1989As data noise in- paper identifies three sources of restraints in the pre-

creases, due to inaccuracy in density estimation, the dictive power of r_\al_altatswtabmty merIImg. .
probability of obtaining successful models decreases. One of them _|rsh|nhire_nt o sampllngh_effort l;T the_
Although this effect was significant, it played a limited rare;t s_peIC|es. d € 8 vious cure to t IS pro (TT: '?
role in explaining interspecific variations in the pre- oo tam. arge data bases incorporating a weait 0
dictive power of models (they only entered the second standardized surveys of the less represented species

component of PLS accounting for a low proportion of and habitats, which is costly in terms of time, money
variance). and human resources. On the other hand, there are

Grouping behaviour of species should constrain species-specific characteristics constraining abun-

model accuracy and agreement between predicted anagﬁgfeag;?ﬁgsz?r?ot:attr?é?nr(w;eﬁz;\?eﬂ;zgﬁtui?é:t'isf'itgéy
observed densities. For species gathering in large maxi?num e(;olo ice?l denéit and cons i)(/:uousness
flocks, more variable estimations of relative abundance 9 y P '

" quantaive imentory wor s expeced tran S0, 1S 5 50 8 Imicien sorrerng Ve
those living alone or in small flocks. Moreover, lo- P

cal abundance estimations should be very unstable ir]reglonal availability of those environments. A habitat

g gt peces pariclary ndorlowsam- 2L Seces (60, Tom confeos s o
pling effort (Telleria, 198§. Thus, species living in PPe . ey P

| . in regions where those habitats are widely spread,
arge groups should preclude the attainment of good while they will be properly forecasted in heteroge
densities estimates (e.gnderson etal,, 199&r pre- neous re yions with pa wl?dex\//ariet of environmentsg In
dictions in habitat suitability models. Our results point ur o inign the limitations caus}:—:‘d by those S ec'ies—
out a negative association between gregariousness andyr oP ' y P

model predictive power (component 2 of PLSR in speC|f|'c traits assouateq with survey yvork (eg.
Table 2. conspicuousness, gregariousness or maximum ecolog-

Firaly he prevalence of species n e samping %, 975129l b et o creumyent by eter
units is a variable that ought to be controlled for. bp 9 ping

Species prevalence has been found to affect severaIWh"e recording biodiversity in extensive programs.
measures of model accuracy differentlylanel et
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5. Conclusion

Predicting the distribution and abundance of species
will still challenge the scientific community for a long
ime. New statistical approaches are incorporated to

ose previously available that circumvent statistical
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