






[image: ]


















	 Zuhause
	 Dokument hinzufügen
	 Anmelden
	 Ein Konto erstellen
	 PNG-Bilder









































Forests and Drugs: Coca-Driven Deforestation in Tropical Biodiversity

Identifying drivers of deforestation in tropical biodiversity hotspots is critical to assess threats to particular ecosy 

















 PDF Herunterladen 



 PNG-Bilder






 15MB Größe
 9 Downloads
 127 Ansichten






 Kommentar






















ARTICLE pubs.acs.org/est



Forests and Drugs: Coca-Driven Deforestation in Tropical Biodiversity Hotspots Liliana M. Davalos* Department of Ecology and Evolution and Consortium for Inter-Disciplinary Environmental Research, SUNY Stony Brook, 650 Life Sciences Building, Stony Brook, New York 11794-5245, United States



Adriana C. Bejarano Department of Environmental Health Sciences, Public Health Research Center 401, University of South Carolina, 921 Assembly Street, Columbia, South Carolina 29208, United States



Mark A. Hall Department of Ecology and Evolution, SUNY Stony Brook, 650 Life Sciences Building, Stony Brook, New York 11794-5245, United States



H. Leonardo Correa Sistema Integrado de Monitoreo de Cultivos Ilícitos, United Nations Oﬃce on Drugs and Crime, Calle 102 no. 17A-61, Bogota, Colombia



Angelique Corthals Department of Sciences, John Jay College of Criminal Justice (CUNY), 899 Tenth Avenue, New York, New York 10019, United States



Oscar J. Espejo Sistema Integrado de Monitoreo de Cultivos Ilícitos, United Nations Oﬃce on Drugs and Crime, Calle 102 no. 17A-61, Bogota, Colombia



bS Supporting Information ABSTRACT: Identifying drivers of deforestation in tropical biodiversity hotspots is critical to assess threats to particular ecosystems and species and proactively plan for conservation. We analyzed land cover change between 2002 and 2007 in the northern Andes, Choco, and Amazon forests of Colombia, the largest producer of coca leaf for the global cocaine market, to quantify the impact of this illicit crop on forest dynamics, evaluate the eﬀectiveness of protected areas in this context, and determine the eﬀects of eradication on deforestation. Landscape-level analyses of forest conversion revealed that proximity to new coca plots and a greater proportion of an area planted with coca increased the probability of forest loss in southern Colombia, even after accounting for other covariates and spatial autocorrelation. We also showed that protected areas successfully reduced forest conversion in coca-growing regions. Neither eradication nor coca cultivation predicted deforestation rates across municipalities. Instead, the presence of new coca cultivation was an indicator of municipalities, where increasing population led to higher deforestation rates. We hypothesize that poor rural development underlies the relationship between population density and deforestation in coca-growing areas. Conservation in Colombia’s vast forest frontier, which overlaps with its coca frontier, requires a mix of protected areas and strategic rural development to succeed.



’ INTRODUCTION A substantial portion of the world’s biodiversity is located in hotspots, regions harboring a disproportionate number of endemic species.1 These hotspots predominantly encompass extremely biodiverse and increasingly threatened tropical forest ecosystems.2 The high concentration of unique species in tropical forest hotspots increases the odds that local disturbances translate into r 2011 American Chemical Society



global extinctions. Quantifying forest loss in the hotspots is therefore critical to plan for conservation at all spatial scales.3 Received: July 13, 2010 Accepted: December 20, 2010 Revised: December 15, 2010 Published: January 11, 2011 1219
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Environmental Science & Technology But documenting deforestation patterns is not enough: identifying local and regional drivers of forest loss is indispensable to address the causes of biodiversity loss, and plan for conservation in a proactive manner.4 Although it is hard to synthesize global deforestation patterns and uncover what drives these processes,5 agricultural markets, resource booms, and roads have been closely linked to increases in deforestation.6 These markets and the roads built to supply them are, in turn, linked to changes in policy regimes and demand for agricultural products, fossil fuels, or other natural resources.7,8 At the same time, a critical question for implementing biodiversity conservation in the tropics is whether and how conservation policy aﬀects deforestation.9 Because the eﬀects of markets, as well as development and conservation policies are speciﬁc to the environmental and socioeconomic context of each country, region, and location,10,11 analyses of their impact on biodiversity hotspots can provide the level of detail necessary to take action and reduce immediate drivers of deforestation. In this paper, we analyze forest cover over the past decade to elucidate local and regional drivers of forest loss in Colombia. We focus on Colombia because it encompasses two of the most distinctive global biodiversity hotspots, the tropical Andes and the Choco,1 and ∼12% of the Amazon forest.12 Over the last 20 years the pace of deforestation in Colombia has accelerated,8,13,14 particularly in lowland forests,15,16 even as demographic pressures have eased and the proportion of the population dependent on agriculture has declined.17 Because this period largely overlaps with the explosion of coca cultivation for the cocaine market, when Colombia went from growing 10% of the global coca production in 1987 (220 km2) to 74% in 2000 (1633 km2),18 several analyses have suggested coca cultivation directly and indirectly drives deforestation in Colombia’s forested frontier.15,19,20 Eradication by aerial spraying of herbicide is the main and most widespread institutional response to the expansion of coca cultivation.21 The eradication program itself could contribute to deforestation by facilitating the degradation of forest remnants,22 pushing growers out of targeted areas to new lands making colonization and deforestation more dynamic.18,23 The ultimate driver of coca cultivation and the government programs that attempt to suppress it is the global demand for cocaine.18 However, reliable data on temporal variation of global demand are lacking24 and even order of magnitude estimates of the cash ﬂow in this market are unreliable.25 Therefore, our analyses focus on the supply for this global commodity market, a likely proximate driver of deforestation. Even as the pace of forest loss in Colombia has accelerated, the country has consolidated its biodiversity conservation policy around a large network of protected areas.26 The eﬀectiveness of Colombian protected areas against deforestation has been established,27 particularly in lowland Amazonian forests,19,28 but their ability to prevent or mitigate deforestation spurred by illicit crops remains to be demonstrated. We analyzed forest cover data for the 2002-2007 period in Colombia with three objectives: (1) to determine the indirect eﬀects of coca cultivation on deforestation, (2) to evaluate the eﬀectiveness of protected areas in avoiding deforestation in coca-growing regions, and (3) to examine the role of coca eradication in deforestation. We used landscape analyses to investigate the ﬁrst two objectives, and analyzed municipality deforestation rates to examine the third objective. Our ultimate goal was to help guide biodiversity policy and management by uncovering the impact of illicit crops and their eradication on deforestation
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and measuring the eﬀect of current conservation policies in this context.



’ EXPERIMENTAL SECTION Remote Sensing and Land Cover. We used land cover maps generated to detect coca cultivation in 2002 and 2007 to quantify forest cover dynamics in Colombia. The illicit crop monitoring system of Colombia (SIMCI), used Landsat 7 Enhanced Thematic Mapper Plus (ETMþ), supplemented with Aster, SPOT, and IRS-LISS III images to assemble the 2002 and 2007 land cover maps. The images were preprocessed over SIMCI’s planimetric georeferencing layers for Colombia, and modified to remove topographic and terrain distortions.29 To standardize the digital and visual interpretation, the visual images were corrected for topography using ERS radar images at 20-m resolution. Land cover data were extracted from the images through visual interpretation and supervised multispectral classification using PCI Geomatics software. To validate the classiﬁcation of these land cover maps, particularly as it applied to coca cultivation, SIMCI conducted helicopter or small aircraft reconnaissance ﬂights approximately every 10 km in 4 types of areas: (1) ∼75% of the areas where coca has been grown historically, (2) sites where authorities have reported new coca cultivation, (3) areas where eradication by aerial fumigation has been reported, and (4) areas with dense cloud cover in remote sensing images. Georeferenced photographs collected from these surveillance ﬂights were then used to calibrate and validate land cover classiﬁcation, and in particular to verify the presence of coca in a given area (as opposed to other shrubby crops). Coca grown in the shade cannot be detected using these surveys. On-the-ground truthing of remote sensing data was also conducted, but was more limited in scope, targeting only areas of new cultivation or speciﬁc survey sites of particular social30 or ecosystem importance.31 The aerial and on-the ground observations were then used to improve classiﬁcation of remotely sensed data. Clouds, shadows and gaps in the remote sensing images were classiﬁed as missing data and excluded from all analyses for both years. Land cover maps generated this way divided the country into three regions: North, Central, and South, encompassing >450,000 km2, and the entire range of natural forests in the northern Andes and Choco biodiversity hotspots 1 and 34 protected areas (Figure 2a). On the basis of these maps, we compared land cover in this time step using IDRISI Andes software.32 Complete forest regeneration is not expected to occur during the 5-year span of our analysis, can only occur from fallows to secondary forest. To test the accuracy of the land cover classiﬁcation, we checked the transitions for regeneration from cleared areas to primary forest (5,000 m elevation along the Caribbean coast. Much of the Sierra Nevada is protected by a biosphere reserve and natural park. The natural park encompasses 3,830 km2 ranging from lowland dry and moist tropical forests to snow-capped peaks, and is surrounded by a wide buffer zone [2]. Indigenous people live in the natural park [3], and are the only Colombians legally permitted to grow small plots of coca for their own consumption. East of the Sierra Nevada lie some of the last remnants of the highly endangered tropical dry forests [4], as well as the northernmost portion of the Serranía del Perijá—a terminus of the Andean mountain chain harboring a highly endemic biota, distinct from the one in the Sierra Nevada de Santa Marta [5]. Data for the Central region covered 73,239 km2, including lowland moist tropical, subtropical, and montane forests along the three Andean cordilleras and two inter-Andean valleys (cf Fig. S1 and Fig. 2b). Steep environmental gradients and evolutionary processes associated with the rise of the Andes have given rise to a highly endemic biota, distinct from one cordillera to the next. The natural habitats of the region have been transformed over the last century, with most deforestation happening since 1970 [4, 6]. Two large forested areas dominate the forest cover of the Central region: the Serranía de San Lucas at the center and the Serranía del Perijá to the northeast (Fig. 1a). The Serranía de San Lucas is a low-elevation isolated mountain range (maximum elevation ~2,700 m) beyond the northernmost tip of the Cordillera Central rising in S2



between the Magdalena and Cauca rivers (Fig. 2b). Although thought to have a rich and unique biodiversity, there have only been two recent biological surveys in San Lucas, and conservation efforts are limited by the presence of armed groups fighting for control of the local coca and cocaine trade [7]. To the north and east of San Lucas, the tropical montane and subtropical forests of the partially protected Serranía del Perijá comprise a highly diverse and endemic biota [8]. The advance of coca cultivation is thought to threaten some of the largest tracts or forest remaining in the Central region [9], and the main policy response to illicit crops has been aerial herbicide spraying [10]. The South was the largest area of study, with 366,763 km2—or more than one third of the surface area of Colombia—encompassing high-precipitation lowland moist forests along the Pacific Ocean, subtropical and montane forests at the southwest terminus of the Cordilleras, and vast expanses of lowland Amazonian forests east of the Andes (Fig. S1). Although biodiversity is high throughout the region, there is a west-to-east gradient of endemicity, with the Pacific versant forests and Andean habitats harboring many more endemic species than eastern versant forests and Amazonian lowland ecosystems [1, 11]. As with the other two regions, there is a wide altitudinal gradient, from sea level to 5000 m in the southwest, narrowing northwards along the Andes to ~3000 m. The South includes the largest protected areas in the country, with >67,000 km2 of predominantly Amazonian lowland habitats protected. Although the history of agriculture in the Andean portion of the region dates to pre-Columbian times, most of the forest conversion along the eastern versant of the Andes and into the Amazonian lowlands is very recent and can be traced back to colonization since the 1950s or after that [12, 13]. Forest fragmentation in the lower elevations of the Pacific versant—part of the Chocó biodiversity hotspot— is even more recent, with few documented inroads as recently as 2000 [4]. The South S3



comprises most coca cultivation in Colombia [10], with 49500 ha reported in 2009 or 31% of the world’s production (Fig. 2a) [14]. The low population density of the lowlands relative to the Andes, and the apparent dependence of the local economy on coca production and processing, have lead several researchers to propose that coca cultivation and eradication catalyze forest loss in the region [12, 15-20]. Land cover data The UNODC (United Nations Office on Drugs and Crime)-sponsored Sistema Integrado de Monitoreo de Cultivos Ilícitos (SIMCI) assembles annual land cover data sets to detect coca cultivation in the study regions. Satellite images, primarily Landsat 7 Enhanced Thematic Mapper Plus (ETM+) images, supplemented with Aster, SPOT and IRS-LISS III images, were used to assemble land cover maps for three broad coca-growing regions for 2002 and 2007 (Fig. S1). These images were pre-processed over SIMCI's planimetric georeferencing layers for Colombia, modified to remove topographic and terrain distortions [21]. To standardize the digital and visual interpretation, the images were corrected for topography corrections using ERS radar images at 20-m resolution. Land cover data was extracted from the images through visual interpretation and supervised multispectral classification using PCI Geomatics software. Initial classification encompassed 9 classes: old-growth forest, secondary forest, scrub, savannas, water bodies, crops (including fallows and excluding coca), coca, pastures, clouds and shadows (missing data), and anthropogenic areas (roads, airstrips, and houses). Both forest classes were merged into one “forest” class, as were all natural vegetation classes (scrub), and cleared areas (crops and pastures). The final classification included 5 classes: forest, scrub, cleared areas, coca cultivation, and built areas.
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Forest/non-forest maps were generated for each combination of region and year. Transition maps from forest to non-forest (deforestation), and from non-forest to forest (forest regeneration), were then derived from land cover comparisons using IDRISI Andes software. Modeling land cover change There is great variation in the development, climate, topography, and amount of natural vegetation cover throughout the regions of study. This variation affects patterns of land use and needs to be accounted for when quantifying the effects of coca cultivation, and conservation policy. A series of 10 variables were included to isolate the influence of illicit crops while controlling for potentially confounding factors (Table 1). Accessibility data were generated as distance surfaces based on road and river classification compiled by SIMCI (Figs. 2b and 2c). Climate data were obtained from published high-resolution (~1 km) climate layers compiled from ground stations from 1950–2000 [22]. Three topographical variables; elevation, slope, and aspect, were derived from the 90-m resolution SRTM elevation data set [23] and included as predictors (see relief in Fig. 2b). Finally, a 100-pixel (900 m x 900 m) percent remaining forest in 2002 was calculated and included as a predictor to account for easier deforestation in an increasingly fragmented landscape (Table 1, Fig. 2e). This variable was not calculated in the ecotone between forests and grasslands of the eastern plains (7000 km2 of the southeastern-most Central region, and 95,000 km2 of the center-north and northeastern-most South), where there was minimal distinction between natural scrub and secondary forest. Analyses of eradication focused on the role of aerial spraying on deforestation rates (Fig. 2f). These models included the increase in human population density in the 5-year time step as another predictor, since it is an important driver of deforestation in the tropics [24-26]. Human
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population data were obtained from models based on the 1993 and 2005 censuses by the Departamento



Administrativo



Nacional



de



Estadística,



DANE



(available



from



http://sigotn.igac.gov.co/sigotn/default.aspx). All data were projected to the Geographic Coordinate System (GCS) Bogotá projection. Meters or kilometers were used to measure distances in all analyses. Modeling approaches Analyzing landscape data: logistic regression and Generalized Estimating Equations (GEE) To model the transition from forest to non-forest and vice versa, we used logistic regressions and generalized estimating equations. Logistic regressions fit a function of the form: logit(y)=β0 +β1X1 +···+βkXk where the coefficients (β1··· βk) estimate the linear relationship between the predictors and the log odds of the response. The binary response of change (1) and no change (0) was modeled as a function of a set of up to 10 continuous—the distance to roads, rivers and coca cultivation, quantity of coca, elevation, slope and aspect, 3 principal components of climate, and proportion of remaining forest—and one categorical variable: protected or unprotected areas (Fig. 2). All continuous variables were scaled and centered prior to analyses by subtracting the mean and dividing by 1 standard deviation. Logistic regressions were fitted using the glm function of the basic library of the R language [27]. We implemented a three-step approach to select the best model given the data for each region. The first step involved calibrating initial models by resampling and analyzing each data set 10 times with up to 50% of the cells corresponding to observed changes. Change was relatively rare,
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so models used no more than 1% of the cells in a given region. The second step implemented forward- and backward- stepwise elimination of variables to select the models with the fewest parameters and best fit to the data under the Akaike Information Criterion (AIC)—a measure of the fit of the model to the data while accounting for the number of parameters fitted so that the lowest AIC is the best fit to the data with the fewest parameters—using the stepAIC function of the MASS R library [28]. This procedure selected the best combination of predictors given the data for each region. Third, we used analysis of variance (ANOVA) to establish whether the variance of the residuals was significantly lower under the AIC-fitted model relative to the base model. We used majority rule to eliminate variables from the models: if eliminating a given variable produced no significant increase in residual variance across at least 6 out of the 10 models for each region, it was excluded from subsequent analyses. The central goal of this study was to quantify the indirect impact of coca cultivation on deforestation, and characterize the effect of conservation policy on forests in Colombia. The coefficients of predictors obtained through logistic regressions quantify these effects, but the analyses assume that the predictor values observed at a given point in space are independent from values at other such points. This assumption of independence is seldom met with spatial data because the features under study are often clustered in space so that sites close to each other resemble one another by virtue of their location when compared to distant sites [29]. The coefficients obtained from regression analyses may in some cases be robust to non-independence of observation (see [30]), but violation of the assumption of independence of errors in the data will affect hypothesis testing. If samples are positively spatially autocorrelated, the residual sum of squares will be underestimated because residuals will have similarly low values by virtue of their proximity in space. The residual sum of squares is in the denominator of the F-statistic test S7



so that positive autocorrelation inflates the value of the test statistic and ultimately leads to incorrect rejection of the null hypothesis (Type I error). Spatial autocorrelation in the residuals is therefore a good indicator that the assumption of independent sampling has not been met, and hypothesis testing is suspect. We used three approaches to ameliorate, measure, and correct statistical problems arising from spatial autocorrelation with our data. First, we sampled sparsely within all data sets. A sparse sample is less likely to contain positively correlated neighboring or clustered cells. Samples were taken from a minimum distance of 1 km between cells both to thin pixels, reducing the chance of significant autocorrelation, and to reflect the ~1-km2 scale of the variables for quantity of coca, remaining forest, and climate. Second, we quantified spatial autocorrelation in the residuals using the correlog function of the ncf R package [31]. This function calculated the Moran’s I statistic of spatial autocorrelation—a weighted correlation coefficient whose expected null is 0— between pairs of observed residuals at fixed distance intervals from one another. To estimate the significance of the statistic we used 100 permutations under the null hypothesis of no spatial autocorrelation [32]. We used a third approach, generalized estimating equations, to account for spatial autocorrelation of the errors in modeling the relationship between land cover change and the predictors. Generalized Estimating Equations (GEE) are a method originally designed for analyzing time series data [33]. The method assumes that observations within a cluster may be correlated whereas observations between clusters are independent. Both the expectation and the variance are conditional on cluster-level or individual predictors. The GEE method focuses on modeling the mean of the correlated observations within clusters, rather than fully specifying the distribution of the individual observations. We used the functions provided by Dormann et al. S8



[34] to specify geographic clusters within 5 x 5 km cells. The clustered data were then used as input into the geeglm function of the geepack R package [35], indicating a within-cluster autocorrelation structure for the errors of the observed data. The spatial autocorrelation of the residuals of the GEE models were then analyzed using correlograms of the Moran’s I statistic. We processed series of 10 randomly sampled data sets per region, and the same data were examined with each approach to compare the change in residual autocorrelation using independent (logistic regression) and clustered (GEE logistic regression) approaches. Once the best combination of predictors and analytical framework had been determined, we tested the model using 100% of the regional data as a testing data set. The accuracy of the prediction for the testing data from the model calibrated using the training data was quantified using the area under the receiver operator characteristic (ROC) curve or AUC statistic [36]. The AUC statistic measures the probability that a randomly selected cell is correctly ranked as 1 or 0, based on the log-odds predicted by the modeled function [36]. The AUC statistic ranges from 0 to 1, with 0.5 indicating a completely random model, and 1 indicating a perfect model. This statistic separates the specification of location from the specification of quantity in measuring the performance of land cover models [37], providing an unbiased assessment of prediction error. This model validation procedure was conducted in the ROCR R package [38]. Analyzing municipal-level data: multilevel and spatially correlated models Another main objective of this study was to uncover the relationship between eradication by aerial spraying and deforestation. Because the eradication data were only available as numbers of hectares sprayed in a municipality for each year of the study period, we calculated deforestation
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rates per municipality across each of the three study regions. We used the formula developed by Puyravaud [39] to standardize calculations of annual deforestation rates: rate = ln (A2/A1)/(t2-t1) where A1 is the forest cover at the initial time (t1) and A2 is the forest cover at a later time (t2). We used models of the form: Y=β0 +β1X1 +···+βkXk where the coefficients (β1··· βk) estimate the linear relationship between the predictors and the response or dependent variable. Since eradication by aerial spraying is a response to coca cultivation, we included the amount of coca cultivation in each municipality as a predictor in analyses of the deforestation rate as a function of anti-drug fumigation. Both the coca and eradication variables were divided by the area of each municipality to control for the varying size of municipalities. These two variables were scaled and centered prior to analysis. Change in population density was also included in these analyses [24-26]. Two non-exclusive approaches were implemented to account for the spatial autocorrelation in the errors of the predictors: fitting multilevel models with varying intercepts by region, and including a Gaussian correlation structure between observations in analyses. The multilevel models accounted for the hierarchical structure of the geographic data by clustering municipalities within regions, and fitting a separate intercept for each regression within region. The second approach involved estimating a correlation structure of the data to be included in modeling. First, we calculated the centroid of each municipality using the centroid function in
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Hawth’s tools for ArcGIS [40]. Second, the Gaussian correlation between two observations r distance apart, up to a maximum distance d, was estimated using this equation: (1-n)*e-(r/d)^2 where n is the estimated correlation between two observations taken arbitrarily close together. Third, models with the Gaussian correlation structure were fitted for both single-level and multilevel analyses. The correlation structure only applied within regions in multilevel models. All models were fitted with the lme function of the nlme R package [41], and compared using the AIC. The difference between a given model and the model with the lowest AIC, or ΔAIC was used as an estimate of empirical support for the model. Models with 0-2 ΔAIC were considered to have substantial support, those with 4-7 ΔAIC considerably less support, and those with >10 had virtually no empirical support [42]. Correlograms of the residuals from each of the models were calculated as described above.
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Table S1. Data availability for land cover change analyses by region.1 Region



Pixels available



1-km2 sample



Proportion



Proportion



(in 1000s)



(in 1000s)



observed change



change used to fit model



Forest loss North



570



4.6



25.91%



50%



Central



5,620



46.0



26.96%



50%



South



35,486



276



4.43%



10%



466



3.8



9.01%



10%



Central



4,887



37.6



10.64%



20%



South



34,632



267



1.03%



10%



Forest gain North



1



. All rows missing data in any of the 10 predictors were excluded from the 1-km2 samples.
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Table S2. Number of times in series of 10 analyses that a variable was eliminated in model selection. Analysis



Distance



Coca



Climate



to:



(ha/km )



Aspect



Elevation



Slope



2



Coca



River



Protected areas



PC1



PC2



PC3



Forest loss North



–



–



9



–



–



–



10



–



–



10



Central



6



3



9



–



–



8



3



6



–



–



South



–



–



–



–



–



–



2



1



2



–



North



10



10



10



10



10



–



9



10



10



10



Central



8



6



9



–



7



–



–



7



–



–



South



–



1



–



4



1



–



10



9



1



–



Forest gain
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Table S3. Coefficients in GEE models for transitions from forest to non-forest (deforestation) in the North region.1 Intercept



Distance to:



Remaining forest (%)



Coca



Road



River



-8.33***



0.15



-5.85**



-0.15



-6.06**



0.22



-4.66**



-5.24*



0.17



-6.72**



Climate



Elevation



Slope



PC1



PC2



PC3



-0.33***



-0.66**



-0.68



-0.07



0.12



-0.04***



-0.24



-0.33***



-0.36



-0.58



-0.14



0.02



-0.04***



-3.76



-0.16



-0.29***



-0.37



-0.66



-0.02



0.01



-0.04***



0.06



-4.28*



-0.07



-0.26**



-0.60**



-0.90*



-0.02



0.01



-0.03***



-5.35*



0.19



-4.25*



-0.18



-0.26**



-0.11



-0.66



0.13



-0.18



-0.03***



-8.94***



0.12



-7.51***



-0.28*



-0.21*



-0.04



-0.96*



0.26



-0.02



-0.05***



-6.47**



-0.10



-4.39*



-0.23*



-0.35***



-0.40



-1.22***



0.32



0.03



-0.04***



-6.46**



0.17



-5.36**



-0.21



-0.43***



-0.13



-0.62



0.09



0.10



-0.04***



-8.45***



0.25*



-6.51***



-0.13



-0.37***



-0.43



-0.32



-0.05



0.05



-0.03***



-6.02**



0.05



-4.45*



-0.27*



-0.40***



-0.17



-1.09*



0.45*



-0.09



-0.04***



1



. * Significant at p 
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Administrative Europa Glossar Der Rechts Und Verwaltungssprache 16, Outer Banks Marketplace. Accounting Simulation Answer Key, and many other ebooks.
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Narcotic Drugs - INCB 

Promedio regional: Oceanía. 2 711. 68. 5 356. 
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Narcotic Drugs 2016 - INCB 
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Tropical Fruit 

Ecolab · 370 Wabasha Street N · St Paul MN 55102-1390 USA. Distributed by Ecolab Co | Distribué par Compagnie Ecolab. 51
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Tropical Sound 

Tropical Sound. Durati0n113'42" J.G. SchroÃ©n. Tempo di Cha Cha. Sopr.FlÃ©te l. SoprflÃ©te 2. Gr.flÃ©te 1 / Altf. Gr.flÃ©te 2 / Ten. Lyra / Gl.spiel. Marimbaphon (ad lib.).
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tropical party 

Sky Blue ice - 1/4 sheet cake. 2. Clear Gel - top of cake. 3. Golden Yellow ice - 6” cake. 4. Rose nail - diamond patter
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on forests - Nationalpark Bayerischer Wald 

29.04.2017 - 18:00 Life and death of spruce forest: ecological processes in the first 12 ..... Biomass turnover in temperate forests is still unknown because of ...
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Narcotic Drugs - INCB 

Promedio regional: Oceanía. 4 983. 106. 7 228. 
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Narcotic Drugs - INCB 

Sint Maarten. Saint-Martin. San Martín. Slovakia. Slovaquie. Eslovaquia. Slovenia. Slovénie. Eslovenia. Solomon Islands.
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Narcotic Drugs - INCB 

Gambia, Guinea, Guinea-Bissau, Guinea Ecuatorial, Islas Cocos (Keeling), Islas Malvinas (Falkland Islands), Islas Marsha
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Detecting drugs and adverse events from Spanish social media streams 

26 abr. 2014 - vocabulary (National Library of Medicine, 2008), ... applied association rule mining to extract .... abou
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on forests - Nationalpark Bayerischer Wald 

29.04.2017 - Jan BÄ›Å¥Ã¡k, Daniel DvoÅ™Ã¡k, Lucie ZÃbarovÃ¡, Miroslav Beran, Libor Hort. 9:15 ...... Maria-Barbara Winter, Hans-Gerhard Michiels. Forest Research ...
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LECHERÍA TROPICAL COSTARRICENSE 

LECHERÍA TROPICAL. Barranquilla, Colombia ... agroindustriales húmedos y secos, y alimento balanceado. ..... Acciones ac
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