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Abstract


Background: contamination of aquatic ecosystems by oil spills associated with petroleum exploitation represents a serious problem of environmental contamination that can affect human health. We developed a spatial model of contamination risk in the Ecuadorian Amazon, and evaluated the model using independent datasets on environmental contamination and clinical indicators of human health risk factors. Methods: the spatial risk of contamination for the Napo River basin was based on the calculation of a friction surface and the accessibility of possible oil contamination. Human health was evaluated using peripheral blood samples from 256 individuals. We used monitoring data on contamination to validate the spatial model of contamination risk and analyzed whether the estimated risk explained the incidence of human health risk factors. Results: our risk model showed a significant association with actual contamination detected in the study area. According to our risk model, around 30% of the territory has some level of contamination. Risk of contamination was associated with an increasing mean incidence in risk factors for human health in resident populations, but elevated contamination risk was not a significant predictor of the incidence of selected health indicators; only the incidence of inflammation was significantly increased. Conclusions: a large proportion of the populations in the Napo River basin has high vulnerability to contamination from petroleum exploitation, and this contamination risk may be traced in some indicators of health risk. Closer examination of health risk factors is warranted, and our spatial model of contamination risk can inform the design and analysis of such studies, as well as risk mitigation and management. Our approach to building the model of contamination risk could be applied in other catchments where petroleum exploitation is contemplated.
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1. Introduction


In recent decades, the increase in toxic residues in aquatic ecosystems has attracted increasing attention from researchers and politicians [1,2,3,4]. The impacts of these toxic residues on human health [5,6,7,8] and the consequences by the use and reuse of the water [6] are the main reasons for the renewed attention. Contamination of aquatic ecosystems by anthropogenic activities is varied in type and grade of impact [9], and among these activities the petroleum exploitation has shown a particularly serious impact in aquatic ecosystems. Notorious disasters such as the Gulf of Mexico in 2010 [10] evidence the environmental damage that can result from the exploration, extraction and transport of petroleum products [11]. In addition to these large spills, smaller volume oil spills can be alarmingly common and can have significant impacts in oilfield areas.



The main environmental concern for the risk of contamination from petroleum exploitation is associated with potentially dangerous compounds in oil. Among these compounds, polycyclic aromatic hydrocarbons (PAH), represent a particularly serious problem of environmental contamination [12]. Petroleum exploration and production contribute in large measure to increased concentration of PAH [13]. In oil fields, PAHs are discharged into rivers as a consequence of spills and leaks [3,11,12], and accumulate in the sediments [14,15,16,17,18]. PAHs can cause ecological and health risks because of their toxic, carcinogenic and persistent nature [19,20,21]. Studies have shown that environmental accumulation of toxic waste from petroleum exploitation can affect human health [22] and prolonged exposure has been linked to the incidence of the development of cancer [23,24,25]. Being highly lipophilic and of low solubility in water, PAHs are particularly persistent and toxic organic compounds for living organisms [26], that present a high rate of bioaccumulation in food chains [27].



Petroleum exploration, extraction, transport and processing involve an inevitable risk of contamination [28,29]. The quantity and the composition of the oil spill, as well as the size of the contamination area, determine the seriousness of the pollution [30]. In this context, the development of models that characterize the spatial distribution of risk of contamination is important to improve the management of aquatic ecosystems. Risk assessment is a systematic process that organizes the identification, description, analysis and quantification of risk associated with dangerous substances, activities or events [5]. Therefore, risk is used as a relative indicator rather than an absolute quantitative measure that describes the impact on environmental and human health [5,31].



Understanding the risk of contamination to which a land and water surface may be exposed is a challenge because of the many variables that influence the movement of contaminants in the environment [32]. It has been common to use simple proximity to known contamination sources to spatially represent the degree of exposure [33,34]. Such analyses offer the advantages of simplicity, ease of use and interpretation and rapid preparation [33], and they have formed the basis of many studies [34,35,36,37,38]. However, an analysis of risk based purely on distance has its disadvantages. Firstly, the assumption that contamination disperses in a homogenous manner from the source fails to recognize the characteristics of the contaminant and the medium through which it is dispersing. Secondly, the buffer distances used are often arbitrary and subjective, which may cause gross errors of omission or commission with respect to the distribution of contamination [33].



More complex models of contamination risk may modify the effect of distance by introducing an expected impediment to the movement of contaminants through the environment (be it soil, oceanic currents or aquatic systems). Incorporation of impediment, more often modeled as its inverse, “accessibility”, is one alternative that can reduce the arbitrariness of simpler spatial models of contamination risk. The “access” in a geographic context refers to the effort required for the transfer of an entity from an origin to a certain destination. The approach has been commonly employed in studies of equity access to infrastructure, but little conceptual adjustment is required to apply it to the dispersal of contaminants in the environment. Some studies [39,40,41] have modeled the energetic cost (effort) of the movement of petroleum contamination from wells, transfer stations and pipes, and later translated the cost into a risk surface. By integrating factors that influence spatial heterogeneity into the dispersal of contaminants, these models successfully link the greater dispersal of petroleum products through the landscape with heightened risk of exposure to contamination, [32].



This study aims to model the risk of exposure to petroleum contamination in the Napo River basin, Ecuador, as a tool to evaluate the vulnerability of human populations. Specifically, we were interested in: (i) generating a model of spatial risk to contamination by petroleum, (ii) validating the model based on independent dataset on hydrocarbon contamination in the Napo basin and (iii) determining the vulnerability of the human population to oil contamination in the Napo basin. We expected that a useful spatial model of oil contamination risk should have skill at predicting actual contamination from independent data. On the other hand, if the proposed model is correlated with the probability of contamination, we assume that the localities with the highest risk of hydrocarbon contamination must present high levels of oil toxic compounds that can affect human health. Therefore, our risk model should explain the changes in the health variables.




2. Materials and Methods


2.1. Study Area


This work was undertaken in the mid basin of the Napo River in Ecuador. This catchment comprises great ecological variation, from montane forests to Amazonian forest. The Napo River basin encompasses the provinces of Napo, Sucumbios and Orellana. Most of the territory has a hydronomic index “superhumid” and a hot thermal regime. Throughout the three provinces there are a great many water bodies and the oil wells and pipeline infrastructure of the petroleum industry generally coincide with those water bodies (Figure 1).



The Napo River basin is one of the most important in the Ecuadorian Amazon and supports a large human population (416,565 inhabitants [42]). However, the Napo is presumed to have a high level of contamination risk from petroleum exploration and exploitation. The basin has been one of the central areas of petroleum production since exploitation began in Ecuador in 1972, yielding millions of barrels of petroleum [22]. The Napo basin has the highest density of oil wells in Ecuador, with 886 oil wells distributed over 59,242 km2. Between 1972 and 2009, 740 oil spills were registered (see data in http://ide.ambiente.gob.ec/mapainteractivo/ (accessed on 29 July 2021)). The two biggest spills to date were in 1974 in the Lumbaqui parish (83,690 tons) and in 2000 in the Joya de los Sachas parish (62,528 tons, Petroecuador, Subsecretaria de Calidad Ambiental EX-DINAPAH).




2.2. Model Overview


The spatial risk of contamination by oil was defined in three phases: (i) calculation of the friction surface, (ii) analysis of accessibility to petroleum waste and (iii) contamination potential. The friction surface calculated the displacement cost of the petroleum depending on the characteristics of the landscape. The analysis of accessibility established the expected displacement pattern of potential and existing seeps and spills from wells and pipelines based on the friction values. Lastly, we determined the map of contamination risk for the region.



2.2.1. Calculation of the Friction Surface


We calculated a friction surface for contaminants to anticipate the ways in which they might disperse in the area surrounding a particular spill source. The pattern of dispersal was calculated differently for hydrological networks and terrestrial surfaces.



The friction surface in water was conceived as the capacity of contaminants to penetrate the hydrological network. All watercourses connected to contamination sources were selected. An initial friction variable was generated based on a slope map and a map of inundation zones (INAMHI-MAGAP). The displacement costs of contaminants from each cell were conceived as penalty according to slope (Table 1); gentle slopes present a lower access penalty compared with steeper slopes. The calculated penalties represent the inverse of those used in the method of Agüero and Pujol [43]. The data representing areas subject to inundation were rasterized, assigning the value 1 to the relevant cells. It was assumed that contaminants had an elevated degree of access to those units due to their susceptibility to inundation. The surface of the slopes and rasterized inundation data were combined with a condition operator. This operator allowed us to assign the lower values (inundation shape) to those pixels with values in the two layers. Finally, we determined the surface area that would be affected by contamination through an analysis of accessibility. In those cases, where a watercourse may have a level surface around it, or land otherwise susceptible to inundation, the maximum distance of penetration would be 1000 m.



In the case of terrestrial areas, the friction surface was calculated based on the accumulation of flow in the basin as determined from a 30 m digital elevation model [44]. The accumulation data indicated how water would run over land owing solely to slope. The areas with high values were those that would accumulate more flow, that is, where there was a higher probability of flow of water or other liquid. Given that areas upslope of wells, pipes or potential spills have lower values due to lower probability of inflow, the raster values for flow accumulation were normalized and inverted up to a radius of 1 km around each well, pipe or spill location.



The movement of water, and therefore contaminants, over or through terrain depends on factors such as vegetation cover and the slope and texture of soils. Therefore, to evaluate the surface movement of contaminants, our runoff model incorporated a classification of the land and soil following Rázuri [45]. Finally, the soil friction surface was obtained by dividing the inverted flow accumulation layer by the runoff surface.




2.2.2. Analysis of Accessibility


The accessibility analysis was undertaken for the spread of contamination from each potential source (886 wells and the system of pipelines) across the friction surfaces for land and watercourses. The movement of contaminants depended on the distance to the contamination source and the friction surface from that location.



The values for each accessibility layer were normalized between 0 and 100. Given that the environment had been conceived from the perspective of friction that limits accessibility, the cells closest to the sources of pollution had the lowest values. To consider the results from the perspective of risk of contamination, the scale was inverted such that the cells closest to sources had the value of 100, representing the highest accessibility, and the most distant cells had the value 0. Given that any given cell could be affected by one or more hypothetical sources of contamination, the spatial models of accessibility for the various sources were combined and each cell was assigned the highest value amongst the set of models.




2.2.3. Potential for Contamination


To model the pattern of contamination from recorded petroleum spill events towards watercourses and lands, we used data on the estimated volume of unrecovered spill, and the amount of time that had elapsed since the spill. The volume of spill not recovered was normalized between 0 (last volume) and 1 (most volume), and the date of the spill was codified as a value between 1 (oldest recorded) and 2 (most recent). The product of the two variables resulted in a scale where 1 represented a recent spill where a relatively large proportion of the volume was not recovered. The watercourses that could potentially be contaminated by each spill event were identified and assigned the normalized value previously described. After each implicated watercourse and drainage line was rasterized, all of the segments from each spill were summed (superimposed) to simulate the accumulation of contaminants in the drainage network within 1000 m of the spill origin. The resulting data were normalized as values between 1 and 2 before being multiplied with the accessibility data generated in the previous step.



In the final step, the rasters representing accessibility to contamination directly from wells and pipelines, via drainage networks and weighted accessibility from drainage networks (together describing latent risk), and through direct proximity to recorder spills (manifest risk) were summed to derive the final map of risk of contamination by petroleum. The resulting variable was rescaled from 0 to 1 for ease of interpretation. All spatial analyses were implemented in Qgis version 2.6.1. [46].





2.3. Model Validation


As a form of external model validation, we tested the association between the probability of contamination extracted from our spatial model of contamination risk and detected contamination data from 27 monitoring points in water sources obtained from the “Ilustre Consejo Provincial de Orellana” (see the locations of sample points in Figure 3). These points cover an area of 100 × 60 km with different levels of contamination. This province has been developing an annual program of monitoring of the levels of contamination in the Napo basin. We used information reported for the concentration of total petroleum hydrocarbons (TPH) in water and riverine sediments from the years 2012, 2013 and 2014. We evaluated the existence of contamination in six samples: three sample years (2012–2013) and two elements (water and sediment), for each monitoring point. We defined samples as contaminated when the levels of TPH were above the allowed levels of 620 mg/kg for agricultural soil and 0.5 mg/L for water (Registro oficial No. 097-A annexes 2 and 1, respectively).



We developed a test for the association between the probability of contamination predicted by our model (risk of contamination) with the probability of real contamination (detected contamination) of the water courses, the association was calculated as of Pearson’s product moment correlation coefficient.



Detected contamination was calculated as:


  D c = c e / t s  








where ce (contamination events) are the times in which samples showed values in excess of the permitted levels, and ts refers to the total samples available from that sample location.



The analyses were undertaken with the function “cor.test” of the “stat” package in R environment [47].




2.4. Vulnerability of Human Populations and Human Health


We determined vulnerability to contamination risk using two approaches. First, we calculated the degree to which the different land uses in the region are exposed to contamination risk. Second, we tested whether human health risk indicators that can be affected by exposure to petroleum toxic compounds were related to our risk model.



To calculate the percentage of land surface affected by different levels of contamination risk, we divided the land surface of the Napo basin into four cover types: population centers, arboriculture, pasture and crops. Additionally, we obtained the surface of up to third-level rivers in this basin. For each one of these cover types we obtained the percentage of area having low, medium or high contamination risk using cut tools of Qgis version 2.6.1. [46] We used as the land cover or river shape as the input layer and our risk contamination model thresholded as low (between 0 to 0.3), medium (>0.3 to 0.60) and high (>0.6) contamination risk as the cut layer. The percentage was calculated as the extracted area of each land use and contamination risk level divided by the total area of each land use, and multiplied by one hundred.



We calculated the health vulnerability using a case control approach, testing whether the proportion of the sample population with abnormal measures of functionality in human health was related to calculated contamination risk.



We used the thresholded contamination risk map to identify population areas to be sampled, eliminating areas where oil pollution can be confounded with other likely sources of pollution. For example, populations near large crop areas and in areas downstream of large cities were excluded to avoid confounding factors associated with pesticide exposure or organic contamination. The largest populated centers were also eliminated, because of the existence of confounding factors such as automotive or industrial pollution. We selected 26 localities from the provinces of Orellana and Sucumbios that fulfilled these requirements and that were exposed to different level of contamination according our risk model; nine localities with high risk of contamination, eight with medium risk and nine with low risk of contamination. We obtained peripheral blood samples from 256 local inhabitants. Of the samples obtained in the localities, 50% modeled as high risk, 23% as medium risk and 27% as low risk. All individuals signed prior informed consent after attending a socialization workshop. The prior informed consent was approved by the bioethics committee of the Universidad San Francisco de Quito (permit 2015-056E) and the research permit of Ministerio de Salud Pública del Ecuador (MSP-DIS-2015-0078-O). All participants filled out a survey about their alcohol and cigarette consumption and the amount of time that they had lived in that locality, factors that could influence exposure to contamination or be a confounding factor for health risk factors. We analyzed whether consumption or residence time was associated with the different levels of contamination risk as an internal control measure. Blood samples were obtained by venipuncture and stored in Vacutainer tubes with anticoagulant (EDTA) and without anticoagulant. The samples were maintained at 4 °C until laboratory analysis was performed. The different blood and biochemical parameters were determined according to standard methods, using a BC-3200 Auto Hematology Analyzer (Mindray, Shenzhen, China) and a semiautomatic analyzer Humalyzer-3000 (Wiesbanden, Germany). Anemia was determined according to WHO criteria, which defines anemia in men when hemoglobin levels are below 13.0 g/dL and in women when levels are below 12.0 g/dL. WHO also uses hemoglobin values for classification in mild, moderate and severe anemia (World Health Organization, 2011).



A normal white blood cell (WBC) count is between 4500–10,000 (µL); lower or higher values are considered altered. WBC are closely related to the human immune system which is helpful in fighting viruses and bacteria. Elevated WBC is a nonspecific marker of inflammation associated with immune system response to both acute and chronic infection and irritating and toxic exposures [48]. C-reactive protein is a liver protein that increases its concentration in the blood in inflammatory processes throughout the body. Values over 6 mg/L are considered an indicator of an inflammatory process. The determination of C Reactive Protein was made by direct latex agglutination test according to the Weiner lab technique.



Alanine aminotransferase or serum glutamic pyruvic transaminase (ALT or SGPT) and aspartate aminotransferase or serum glutamic oxaloacetic transaminase (AST or SGOT), are the common liver enzymes of liver function tests and well-known markers of liver damage. Among the liver enzymes, SGPT is the most specific marker of liver function since it is found in the cytosol of hepatocytes, while SGOT can be found in other organs such as the heart, liver, skeletal muscle, kidneys, brain, pancreas, lung, erythrocytes and leukocytes. Values above 38 and 41 U/L are considered altered in men for STGO and STGP, respectively. Values over 32 and 31 U/L are considered altered in women for STGO and STGP, respectively (Wiener Laboratorios S.A., Rosario, Argentina)



The geographic coordinates of the residence site were obtained for all participants. The risk of contamination to which a patient might be exposed was calculated from the risk model based on the location of their residence. Two measures were calculated: the point of contamination risk and the local maximum contamination risk. Point of contamination risk is the level of contamination in a pixel that coincided with their residence, while the maximum contamination risk refers to the maximum value of contamination risk in a 500 m buffer around that location. We built a double entrance table with cases and control in columns, and categories of contamination risk (low, middle and high) in rows for all health variables. Cases were the patients with abnormal levels and control all patients with normal levels of health variables. The incidence of abnormal levels was calculated as number of cases in each contamination risk level divided to total individuals studied.



Risk ratio estimation and confidence intervals were calculated with “riskratio” function in the “epitools” package [49]. Risk ratio is calculated by unconditional maximum likelihood estimation and small sample adjustment. Normal approximation with small sample adjustment was used for calculated confidence intervals [49]. We compared the low risk as reference level and test of two-sided independence. P values were calculated using Fisher’s exact test, the Monte Carlo simulation and the chi-square test. All analyses were implemented in the R environment [47].





3. Results


3.1. Spatial Model of Contamination Risk and Model Validation


Our spatial model of contamination risk posits the dispersal behavior of petroleum contamination in water and over land. The expression of the model of accessibility to contamination produced distinct results from a model based solely in distance from contamination sources (Figure 2). Consequently, the model based on accessibility to contamination reflects considerable nuance in the spatial distribution of risk (Figure 2). This model facilitates consideration not only of the area exposed to contamination but the concentration of contamination too. Locations at similar distances from a spill origin may have different concentrations of contaminants, as Figure 2 shows. The riparian zones represented in Figure 2 are not homogeneous and variation exists in the area and degree of contamination according to the variables driving the accessibility index. Moreover, the sum of the potential sources of contamination can amplify the level of contamination risk. We assumed that oil wells and pipelines could become contamination sources from which contaminants could be transported in water as runoff. An interesting finding was that flow of contaminant from oil pipes might have a more important effect than the wells. Although wells may have an important local effect, the effect on watercourses may be lower from wells than from pipes.



This model was shown to effectively predict the levels of pollutants in water, we found a significantly positive correlation between contamination risk and detected contamination (Pearson correlation 0.57, t = 3.0335, df = 19, p-value = 0.007). The monitoring points with contamination are associated to the localities where the model shows high levels of contamination risk (Figure 3).




3.2. Vulnerability of Land and People


Sixty-five percent of population centers had some level of contamination risk of oil spills. An alarming 39% of those populated areas were coincided with area modeled as having high risk of contamination. The other land using the percentages of risk of contamination were lower than populated areas; however, these present percentages between 20 to 30% of their area with some level of contamination (Figure 4).



Our results showed that of the total hydrological network, 48% (232) of rivers were predicted to be affected by pollution in at least some reaches. Of these, 44 (1%) rivers presented a risk of contamination in more than 75% of their length water flow, 120 rivers were found with a contamination risk between 25 to 75% of their length (Figure 4b) and 108 (36%) rivers were affected in less than 25% of their length.



We did not find significant effects of contamination risk in the studied variables of human health except for C-reactive protein where, for participants whose residence was modeled as at high point risk of contamination, the incidence of inflammation was higher (Figure 5). In the case of C-reactive protein, the incidence shifted from a proportion of 0.05 in places of low risk of contamination to 0.14 in places with high contamination risk. At the high level of risk of contamination, the probability that people would show inflammation was 1.29 times the probability of showing the same problems at the low level (p value = 0.04, with 95% C.I., low 0.78 and high 6.72). In those areas with a medium contamination risk level, the probability of people presenting inflammation was 1.16 times higher than in areas with low contamination risk (p value: 0.615, with 95% C.I., low 0.30 and high 4.46).





4. Discussion


The development of risk maps is essential to support the management of environmental contamination and for targeting monitoring activity. However, the development of a credible risk map involves modeling how the pollutants could be distributed in the territory (pollution map), determining if this model corresponds to pollutant measurements (pollution hazard map), to finally determine the effects that these pollutants have on human health or ecological systems [31]. In this context, the development of risk models that allow us to quantify the vulnerability of populations to risk of contamination is a key step for the management of basins with contamination concerns. However, many variables combine to influence the behavior of contaminants that enter the environment, making it difficult to accurately predict at-risk zones [32].



According to Lahr and Kooistra [31], maps of the risk of contamination can be used to identify areas of concern for populations or assets, and are important tools that allow decision makers to explore scenarios of proposed developments and management approaches. Although some studies have found evidence that exposition to oil contamination can increase the incidence of cancer [20,21,22], the establishment of causal relationships is extremely complex, due to the nature of the contamination, which is often intermittent with changing magnitudes. Our spatial model of contamination risk proved to be efficient to predict the risk of oil contamination. The inclusion of an accessibility layer that allows modeling of the movement of pollutants on different surfaces proved to be useful and to correct the possible biases that a distance model could generate. The proposed model becomes a powerful tool for better understanding the possible impacts that oil exploitation can cause on the ecosystem, and to develop appropriate management actions.



Our results on the health of the human population show some worrying effects: we found that medium and high levels of risk contamination showed a relative risk between 10 and 20% higher mean inflammation incidence than localities with a low level of contamination. Inflammation can predispose individuals to developing serious health problems such as cancer, and promotes tumorigenesis [50,51]; even the CRP values can be an independent indicator in most solid tumors [52].



Other health parameters such as white blood cells and anemia did not show a significant association with the modeled contamination risk. However, the levels of findings in the entire population are worrying. The incidence of anemia in the studied area was higher than the Ecuadorian population average. According to the national health and nutrition survey ENSANUT-ECU 2012, the prevalence of anemia in adults was 19.1% (2.2 and 16.9% for men and women, respectively), while the mean of anemia found in the studied area was around 30%. Lamentably, we did not have a real counterfactual dataset comprised of people not exposed to contamination. In our study area, the populations without contamination risk are indigenous populations and populations located over 1000 m asl. Those populations are exposed to other environmental conditions or have different genetic predisposition, so these could not be used as control.



It should also be noted that we characterized the level of contamination risk that a participant was exposed to on the basis of their place and time of residence. A more comprehensive approach might have obtained data on other locations that featured prominently in their routines, or other potential risk factors in addition to cigarettes and alcohol. Given that 49% of the area of population centers was modeled as exposed to high and medium levels of risk of oil contamination, more detailed examination of possible adverse health effects associated with petroleum exploration in the Napo basin is warranted.



We believe that the model would allow regional governments in affected areas to improve their monitoring plans, as well as to define management actions and control strategies for areas with high contamination risk.




5. Conclusions


A large proportion of the human populations in the Ecuadorian Napo River have high vulnerability, the risk contamination by exploitation of petroleum affected a large proportion of these populations, and this contamination risk affects some variables of health. The accessibility model used to predict the risk of oil contamination proved to be a viable tool with a high level of correspondence with the probability of contamination. The human populations of the Napo River basin are highly vulnerable to hydrocarbon contamination, and the different areas populated and used for agricultural and livestock production are exposed to a high risk of contamination.



We recommend further studies to clarify the effects of pollution on the health of the population. Special emphasis should be placed on the analysis of the effects of contamination on anemia, as although we did not find significant effects of the level of contamination, our results show a particularly high incidence.
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Figure 1. Hydrological network and oil infrastructure in Napo basin. The oil well and pipeline data were obtained from Petroecuador (2009). 
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Figure 2. Sample expression of the model of oil contamination risk. The gray lines indicate equal distance from the pollution source (simple distance-based risk) while the colored cells indicate risk ranging from low (green) to higher risk (orange) derived from our model of accessibility to potential and known contamination sources. 
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Figure 3. Validation of the spatial model of oil contamination risk. The distribution of the contamination monitoring points for TPHs superimposed over zones of predicted risk: low (green) to high (red). Black triangles indicate locations that returned at least one sample with TPH above acceptable levels between 2012 and 2014 and grey diamonds indicate locations without contamination. 
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Figure 4. Risk of hydrocarbon contamination expressed as: the percentage of area of various soil use types affected (a) and the percentage of the length of water courses of the Napo River basin (b). The percentage values are annotated above each bar. 
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Figure 5. Incidence and relative risk of health variables in relationship with contamination risk levels. Bars show the incidence of health variables. Risk plots show relative risk in relation with low contamination risk (1 = same risk). Black bars and points show values in relation with contamination levels of point contamination, gray bars and point show values in relation with contamination levels of max buffer contamination (see methods). * show the significance of the model (p value < 0.05). 
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Table 1. Weights assigned to slope categories in the calculation of the friction surface.
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	Slope (%)
	Weight





	0–2
	1



	2–6
	2



	6–12
	6



	12–18
	8



	>18
	10
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