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Ratios of stable oxygen isotopes in tree rings (δ18O) are a valuable proxy for reconstructing past climates. Such reconstructions allow us to gain better knowledge of climate dynamics under different (eg warmer) environmental conditions, which also forms the basis for effective risk management. The latter aspect is particularly relevant for our study site on the western flanks of the Andes in Southern Ecuador, since the region is frequently affected by droughts and heavy precipitation events during the rainy season (January to April), leading to enormous social and economic losses. In particular, we focus on precipitation amounts and moisture source regions as they are known to influence the δ18O signature of tree rings. Moisture source regions are based on 240 h backward trajectories that were calculated with the trajectory model LAGRANTO for the rainy seasons 2008 to 2017. A moisture source diagnostic was applied to the air parcel pathways. The resulting moisture source regions were analyzed by calculating composites based on precipitation amounts, season, and calendar year. The precipitation amounts were derived from data of a local Automatic Weather Station (AWS). The analysis confirms that our study site receives its moisture both, from the Atlantic and the Pacific Oceans. Heavy precipitation events are linked to higher moisture contributions from the Pacific, and local SST anomalies along the coast of Ecuador are of higher importance than those off the coast toward the central Pacific. Moreover, we identified increasing moisture contributions from the Pacific over the course of the rainy season. This change and also rain amount effects are detectable in preliminary data of δ18O variations in tree rings of Bursera graveolens. These signatures can be a starting point for investigating atmospheric and hydroclimatic processes, which trigger δ18O variations in tree rings, more extensively in future studies.
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INTRODUCTION
Ecuador and in particular its share of the western flanks of the tropical Andes are prone to heavy rain events and floods that occur with a high interannual variability (Endlicher et al., 1989; Bendix, 2000; Bendix et al., 2003; Bendix and Bendix, 2006; Takahashi and Martinez, 2019). Such events often lead to high social and economic losses (Vos et al., 1999). To facilitate and enable a better risk management for the affected population, a solid knowledge about long-term precipitation dynamics is obligatory (Kieslinger et al., 2019). However, meteorological data are sparse for this region (Emck, 2008; Kieslinger et al., 2019). Reconstructions of past climate variability are a promising tool to gain further insight into natural precipitation variability and its underlying climatic drivers.
Climate reconstructions can be established by using tree rings or others archives, including marine and lacustrine sediments or ice cores are also utilized as paleoclimatic proxies (Braeuning, 2009). However, tree rings have a number of advantages. The most desirous ones are the dating accuracy on an annual basis and the high temporal resolution, up to intraseasonal (Jones et al., 2009). Moreover, multiple replication of tree-ring chronologies allows to determine uncertainty estimates. Making use of the oxygen isotopic signature instead of the annual increments of tree rings adds another benefit, because the processes controlling the incorporation of stable oxygen isotopes into plant material are well understood (McCarroll and Loader, 2004).
Oxygen isotopes in tree-ring cellulose are, to a certain degree, a record of the isotopic composition of precipitation. The isotopic composition of oxygen (δ18O) is expressed as the ratio of the heavier 18O to the lighter 16O with respect to standard mean ocean water or to the Vienna Standard Mean Ocean Water (VSMOW). However, until the isotopes are incorporated within the tree cell, fractionation processes change the initial isotopic ratio of the moisture at its source region by discriminating one stable isotope of oxygen over the other (McCarroll and Loader, 2004; van der Sleen et al., 2017). With increasing distance to the moisture source region, δ18O decreases due to Rayleigh distillation, which describes a rain out effect of the heavier 18O (Dansgaard, 1964; Gat, 1996). After the condensation of moisture, falling rain droplets are exposed to evaporation and merge with other droplets. This is known as amount effect, meaning that heavy and long-lasting precipitation events lead to lower δ18O values. This effect is especially effective in the tropics (Dansgaard, 1964). At the soil surface and at the leaf level within the plant, evaporation leads to the enrichment of heavy 18O, due to the preferred evaporation of the lighter 16O (Gat, 1996; van der Sleen et al., 2017).
Gat (1996) pointed out that the isotopic composition of precipitation reflects different moisture source regions. Recent tree-ring oxygen isotope studies were able to detect these differing isotopic signatures due to variations of δ18O in annually resolved tree rings (Grießinger et al., 2018; Meier et al., 2020). In contrast, Muangsong et al. (2020) revealed the influence of varying moisture sources on the isotopic composition solely within intra-seasonally but not within annually resolved δ18O tree-ring chronologies from the tropics.
In the tropics, stable isotope analysis of oxygen within tree rings are still sparse. Since it was recognized that some tropical tree species form annual growth rings and the understanding of stable isotopes had improved, the number of studies has increased over the past decade (van der Sleen et al., 2017). Although one tree-ring oxygen isotope study from a mountain rainforest exists in southern Ecuador (Volland et al., 2016), its representativity for the western slopes of the Andes is limited. This is attributed to the location of their study region on the eastern flanks of the Andes, which is exposed to a different climatic regime (Volland et al., 2016). By investigating tree ring widths of tree species on the western flanks of southern Ecuador, Pucha-Cofrep et al., (2015) showed that the semi-deciduous tree species Bursera graveolens is suitable for paleoclimatie reconstructions.
Climatologically, the western slopes of the Andes in southern Ecuador experience a rainy season, mainly from January to April (Bendix and Lauer, 1992; Emck, 2008; Volland-Voigt et al., 2011; Kieslinger et al., 2019). During this time, Southern Ecuador lies in between the influence of two air masses. On the one hand, northwesterly winds prevail originating in the northern hemisphere (Bendix and Lauer, 1992). On the other hand, southeasterly trade winds from the South Pacific subtropical high-pressure system approach the continent as recurved westerlies at the surface (Bendix and Lauer, 1992; Emck, 2008). Especially heavy precipitation events are associated with westerlies that transport moisture from the tropical Pacific to the western slopes of the Andes (Bendix, 2000; Emck, 2008; Volland-Voigt et al., 2011). These westerlies are a rather regional and complex phenomenon (Emck, 2008). They facilitate the development of a land-sea breeze system. These, in turn, can interact with up-slope winds, extend toward the Andes and trigger convection (Horel and Cornejogarrido, 1986; Bendix, 2000; Emck, 2008). In the mid to upper troposphere, these flows impinge on the prevailing easterly trade winds from the Amazon, which are not blocked by the Andes. This process may lead to moisture entrainment (Bendix, 2000). Another important process for the formation of precipitation is convection (Emck, 2008; Rollenbeck and Bendix, 2011). In summary, moisture sources for precipitation in the study region of interest are the eastern Pacific and the Amazon, which has also been demonstrated by backward trajectory modeling (Trachte, 2018). However, to our knowledge, no previous study has investigated the particular moisture source regions and their individual contribution to regional precipitation events. Understanding the effect of moisture sources on the isotopic composition of tree rings is necessary for hydroclimatic reconstructions in future studies.
In our study, we evaluate the influence of different precipitation events and their moisture source regions on the oxygen isotopic signature of Bursera graveolens tree rings in southwestern Ecuador during the rainy season on interannual and intra-annual time scales.
For this purpose, the two main goals are
(1) to investigate local precipitation events and
(2) to identify moisture source regions based on trajectories for different composites (precipitation events, each month and each calendar year).
To put the two goals in a wider context and future perspective, we also discuss a possible relationship between precipitation as well as moisture source regions and the isotopic signatures in Bursera graveolens tree rings.
MATERIALS AND METHODS
We investigated local precipitation events using the data of an automatic weather station (AWS). To ensure a high quality of the study, we screened the local precipitation record for missing values. The identified local precipitation events were related to moisture source regions by classifying daily precipitation amounts into three categories. This also enabled the composite analysis of moisture sources. Moisture source regions are the core of our study and were computed using a backward trajectory model that is based on ERA5 reanalysis data. To have confidence in the selected reanalysis product, we evaluated it against the local AWS data and against the Modern-Era Retrospective Analysis for Research and Applications-2 (MERRA2)—another high-resolution reanalysis product. Finally, we discuss the oxygen isotopic signatures in Bursera graveolens tree rings with respect to precipitation and the identified moisture source regions.
Before describing the datasets used, we give an overview of the study site and describe, afterward, all applied laboratory and statistical methods.
Study Site
The study site (4.21471°S, 79.8854°W) in southern Ecuador is located in the “Laipuna Nature Reserve,” a strictly protected ecosystem (UNESCO, 2017) that lies between the Pacific coast and the western flanks of the Andes (Pucha-Cofrep et al., 2015). It features a seasonally dry tropical forest (Särkinen et al., 2012) in a semihumid climate ranging from 590 m above sea level up to 1,480 m above sea level in altitude (Pucha-Cofrep et al., 2015).
Temperature variations are small over the course of the year with an annual average of 23.4°C (Pucha-Cofrep et al., 2015). Precipitation occurs mostly during night time (Volland-Voigt et al., 2011) and the rainy season lasts from January to May (Pucha-Cofrep et al., 2015) or from January to April (Volland-Voigt et al., 2011). Precipitation amounts in May are usually low (Pucha-Cofrep et al., 2015), why we consider the rainy season lasting from January to April. During the dry season, precipitation is impeded due to the permanent establishment of the South Pacific subtropical high-pressure system and its related inversion. This atmospheric stability is reduced during the rainy season, which is associated with an approaching of northeast trade winds from the northern hemisphere that finally recurve to northwesterly winds (Bendix and Lauer, 1992).
The high inter-annual precipitation variability (Spannl et al., 2016) is associated with the El Niño Southern Oscillation (ENSO) phenomenon (Bendix, 2000; Bendix et al., 2003; Bendix and Bendix, 2006; Bendix et al., 2011; Vicente-Serrano et al., 2017), which describes the alternation of anomalously cold and warm sea surface temperatures (SSTs) in the tropical Pacific Ocean. The warm anomalies, known as El Niño, can be distinguished based on the location of maximum warming, into central Pacific, eastern Pacific and coastal El Niño. In contrast, La Niña is related to cold SST anomalies in the central or eastern tropical Pacific (McPhaden et al., 2006; Capotondi et al., 2015; Wang et al., 2017; Echevin et al., 2018; Takahashi and Martinez, 2019).
Data
Automatic Weather Stations
From April 2007 to March 2015, a field experiment was conducted to provide insight into the meteorological conditions at the study site. Therefore, two AWSs (THIES Climate, Germany) were employed, namely “Laipuna Valley” (590 m above sea level, 4.21471°S, 79.8854°W, Valley Station) and “Laipuna Mountain” (1,450 m above sea level, 4.23782°S, 79.8988°W, Mountain Station). Both recorded temperature (at 2 m), relative humidity (at 2 m), wind speed and direction (at 2.5 m) and precipitation (at 1 m) above the ground at 10-min intervals that were stored as hourly means (Volland-Voigt et al., 2011; Pucha-Cofrep et al., 2015; Spannl et al., 2016).
We based this study on the data of the Valley Station, since it features a lower number of missing values (see Time Aggregates and Missing Values) resulting in a higher robustness of our computations. However, for the evaluation of the reanalysis dataset, we also used the data of the Mountain Station to capture the whole range of climate variability in the study region.
Reanalysis Products
ERA5 is the latest reanalysis product from the European Center for Medium-Range Weather Forecasts (ECMWF) (C3S, 2017). Currently, the data can be obtained from 1979 onward and are provided as instantaneous values. In comparison to its forerunner, ERA-Interim (Dee et al., 2011), major improvements were achieved in the overall data quality. Among others, this can be attributed to its high spatial resolution of 31 km in the horizontal and 137 levels to 1 hPa in the vertical, an improved 12-h 4D-Var assimilation technique and an advanced sea surface temperature dataset. Moreover, the number of assimilated observations was increased, resulting in about 24 million observations per day at the end of 2018, which is almost five times greater than for ERA-Interim. Beside the overall rising availability of observations, the capability of handling other data formats contributed to this advance (Hersbach et al., 2018; Hersbach et al., 2019).
MERRA2 is generated by the NASA’s Global Modeling and Assimilation Office (GMAO) and is their latest version of atmospheric reanalysis covering the modern satellite era from 1980 to 2020. By applying the Goddard Earth Observing System-5 (GEOS-5), the output data can be retrieved with a spatial resolution of 0.625° × 0.5° in longitude and latitude at hourly timesteps (Gelaro et al., 2017). For MERRA2, we choose the hourly product that is time averaged, since the AWS data features the same characteristic.
Tree Ring δ18O Isotopes
Bursera graveolens is a tropical tree species that develops distinct annual growth boundaries and was proven to be suitable for tree ring width studies (Rodríguez et al., 2005; Pucha-Cofrep et al., 2015). In March 2018, we collected 10 core samples of Bursera graveolens located in the vicinity of the Valley Station. The distance from the AWS was restricted to a maximum of 50 m. Three cores (A, B, C) allowed a distinction of annual increments. The cores were separated with a sledge microtome into 80 µm thin slices to capture also the intraannual variability. The oxygen isotope ratio (18O/16O, expressed as δ18O) of the wholewood slices were analyzed using an isotope ratio mass spectrometer (Delta V Advantage, Thermo Finnigan) coupled to an OPTIMA elemental analyzer. Therefore, each slice was pyrolyzed to CO at 1,080°C. The measured ratio (RSample) is finally expressed as deviation from the Vienna Standard Mean Ocean Water (VSMOW, RStandard) with δ18O = (RSample/RStandard − 1) × 1,000. The resulting error (analytical) comes to ±0.3‰. The lack of enough wood material did not allow us to extract and determine the more precise δ18O ratios of tree ring alpha cellulose. A total number of 810 (A = 259, B = 238, C = 310) isotope samples were analyzed. An accurate annual dating of the intra-annual tree ring isotope values was only possible for two cores (A, B), resulting in 497 data points suitable for the discussion. These two time series cover the years from 2012 to 2017.
Methods
Time Aggregates and Missing Values
Precipitation is the variable of main interest in this study. All other variables (wind, temperature and relative humidity) were just utilized to validate the reanalysis dataset. Hence, a differentiated consideration of its calculation and the handling of its missing values is appropriate.
The daily values of wind, temperature and relative humidity were calculated as means from hourly values. Hereby, only daily means were considered, where all 24 values were existing, otherwise, it was flagged as missing. In this way, we ensured that the quality is as good as possible. In most of the concerned cases, all values of a day were missing.
Precipitation was considered on a daily, monthly, rainy season and an annual basis. As before, daily values were only calculated as sums when all 24 values were available. For the monthly, rainy season and annual sums, this approach would have led to too many missing values. Therefore, we calculated monthly mean values as average of daily sums multiplied by the number of days of a month. The rainy season and the annual values are the sums of all respective monthly values.
The percentage of missing values in the AWS data for all variables at hourly and daily resolution during the rainy season lies between 3.6% and 12.5% for the Valley Station (Table 1), whereas it is 18.8%–34.4% for the Mountain Station. This difference makes the Valley Station to the more appropriate dataset for our study.
TABLE 1 | Percentage and total number (n.total) of missing values of the Valley and Mountain Station for daily and hourly values during the rainy season encompassing all variables considered in the evaluation of the AWS data.
[image: Table 1]Precipitation, in comparison to the other variables, has the highest amount of missing values. This can be attributed to known issues with precipitation measurements (e.g., leaves or insects clogging the rain collector). In particular, missing values at the Valley Station amount to 9.8% and 12.5%, for hourly and daily sums, respectively (Table 2). The strict approach of just calculating daily sums, when all values of a day are existent, led to an increase of 1% (not shown). For daily sums, which are of main importance in this study, the total number of missing days is 114 days out of 915 days. These days were neglected in the composite analysis of moisture source regions regarding precipitation events and just reduced the number of available cases. The monthly percentage of missing values is 6.5% whereas the rainy season one is 11.1%.
TABLE 2 | Percentage and total number (n.total) of missing values of the Valley Station for hourly, daily, monthly and annual/rainy season precipitation sums.
[image: Table 2]Evaluation of ERA5 Reanalysis Dataset
Our evaluation was subdivided into two parts. In the first, we showed that ERA5 is a suitable reanalysis product for our study region and appropriate as input dataset for the trajectory model. Therefore, we compared statistical measures of all available AWS variables against the ones from both reanalysis datasets. In the second part, we focused on precipitation variability to see whether total precipitation is representative in ERA5.
For both analyses, it needs to be kept in mind, that we cannot expect a perfect quantitative fit, due to the present scale mismatch between the AWS point measurements and the gridded reanalysis products that consist of area mean values (Tustison et al., 2001; Moelg and Kaser, 2011). The evaluation rather aimed to explore whether the reanalysis product is a realistic regional framework.
Evaluation of ERA5 Reanalysis Against MERRA2 and Both Automatic Weather Stations
The evaluation of ERA5 for all available AWS variables considered wind speed and direction, temperature, precipitation and relative humidity. Hereby, we compared the ERA5 reanalysis datasets against MERRA2 and both AWSs (Mountain Station and Valley Station). For the reanalysis data, we obtained hourly values covering the same time period as the AWS data. In particular, we used u- and v-winds and calculated the respective wind speeds. To ease the evaluation of the wind direction, we made use of the u-und v-components. Therefore, we extracted the u- and v-wind velocities from the AWS wind direction. Moreover, we retrieved from both reanalysis datasets total precipitation, 2-m temperature and dew-point temperature. The latter two were utilized to calculate relative humidity (Alduchov and Eskridge, 1996). For ERA5, as well as for MERRA2, we picked the two grid points that were closest to our study site, since a single closest grid point could not be clearly identified. In this study, we permanently refer to the mean between both grid cells. We conducted the evaluation for the rainy season on an hourly and daily basis. Boxplots were generated to capture the median and inter-quartile range, whereas the whiskers showed the whole range of all values. Moreover, we considered statistical measures like the mean bias, root mean square error (rmse) and the correlation coefficient (corrcoef). For precipitation, we calculated the Spearman correlation coefficient, whereas for all other variables we determined the Pearson correlation coefficient. The correlation was defined as significant with a p-value < 0.001.
Evaluation of ERA5 Precipitation Variability
The evaluation of total precipitation from ERA5 was conducted by comparing the daily and the seasonal cycles and the interannual variability against those of the AWS. Here and onwards, we only considered the Valley Station as reference dataset, due to the lower number of missing values. As before, the analysis was restricted to the rainy seasons from April 2007 until March 2015. The mean daily cycle was calculated as mean of the respective hour from all rainy season hourly values. For the seasonal cycle, monthly precipitation sums were calculated and averaged for each calendar month. For completeness, the monthly values of the dry season are also shown. The same applies to the annual sums that also incorporate values of the dry season. Annual and rainy season sums of ERA5 are additionally provided for the years 2015–2017.
Analysis of Precipitation Events
To better understand precipitation characteristics, we investigated the duration and occurrence of local events. Therefore, we considered the time series and the distribution of daily sums of precipitation during the rainy season calculated from the available data of the Valley Station from 2008 to 2015. A histogram was utilized to assign days into three classes. The first class “no rain” (total number of days: 254) encompasses all days without any rain (p = 0 mm). Days with precipitation sums between 1 and 5 mm belong to “normal rain” (total number of days: 119) days, which refers to all values between the 60th and 80th percentile. Daily precipitation sums between the 40th and the 60th percentile, which would have been the desirable percentile range for the “normal rain” day, cover precipitation values between 0.1–1 mm, which is too close to the “no rain” class. Consequently, we decided to choose higher percentiles. “Heavy rain” (total number of days: 77) days with p > 12 mm/day describe all days above the 90th percentile. Not all days were considered in this classification scheme, which allowed to recognize differences between the characteristics of typical events more clearly (Moelg et al., 2009).
Moisture Sources Based on Backward Trajectories
Trajectories were used to determine moisture source regions. However, we were not only interested in the region, but in the contribution of each moisture source region to the precipitation at the study site. For this moisture source diagnostic, we followed the approach of Sodemann et al. (2008).
Trajectories and Their Moisture Content
Backward trajectories, which describe the movement of an air parcel in space and back in time, were utilized in different studies to identify moisture sources (Sodemann et al., 2008; Soderberg et al., 2013; Grießinger et al., 2018; Jana et al., 2018; Langhamer et al., 2018; Trachte, 2018).
In our study, we carried out the trajectory analysis using LAGRANTO (Sprenger and Wernli, 2015) driven by ERA5 input data. The model is based on a Lagrangian approach using wind and surface pressure fields to calculate trajectories of air parcels (Wernli and Davies, 1997). It lifted air parcels by 10 hPa when they would have crossed the surface and hence the model’s lower boundary. In our study, the starting points, where the backward calculations begin (t = 0), were horizontally equidistantly distributed with a distance of 5 km within a circle (∅20 km) around the location of the observational site (4.21471° S, 79.8854° W), which results in 51 starting points at one pressure level. In the vertical, we chose eight pressure levels that have an equidistance of 50 hPa between 850 hPa and 500 hPa. Trajectories were calculated 240 hours back in time, starting four times a day at 5 a.m., 11 a.m., 5 p.m. and 11 p.m. UTC to capture the daily cycle. This was done for the rainy seasons covering the available data (AWS 2008–2015; oxygen isotopes 2012–2017) from 16 January to 30 April from 2008 to 2017 (1,050 days). In total, 1,713,600 (51 × 8 × 4 × 1,050) trajectories were calculated. We set the temporal resolution of the trajectories to 1 hour resembling the ERA5 input dataset. The study site is located within complex topography. This circumstance makes the calculation of trajectories challenging and could lead to spatial deviations (Stohl et al., 1995). The trajectory error is growing with increasing backward time. This error becomes significant after a backward calculation time of ten days (Stohl et al., 1995; Stohl and Seibert, 1998; Sodemann et al., 2008). As we do not surpass these ten days of backward calculation time, we are confident in our trajectory calculations.
As basis for the moisture source analysis, specific humidity (q) was traced along each trajectory. Changes in the moisture content of an air parcel (Δq) are mainly based on evaporation (E) and precipitation (P). The sign of Δq determines the dominating process during a time step:
[image: image]
At one time step, only the dominating moisture process is considered, so either moisture uptake or loss. This effect is reduced with the high temporal resolution of 1 hour of ERA5 in comparison to studies using coarser ones. Other processes, like mixing with nearby air parcels or the existence of ice and liquid water particles are neglected (Sodemann et al., 2008).
Selection of Trajectories
For our study, we are only interested in trajectories that contribute to precipitation at the study site. Therefore, we undertook a selection procedure, where the following requirements had to be fulfilled (Sodemann et al., 2008):
(1) Δq at the starting point [Δq0 (t = 0)] had to be negative with respect to the former time step
(2) Relative humidity in the vicinity of the trajectory starting point had to exceed 80% to ensure that clouds exist
(3) Altitude had to be above the cloud base height (Soderberg et al., 2013). It is an additional criterion that is not used by Sodemann et al. (2008), but contributes to a finer trajectory selection.
In case that an air parcel fell almost dry (q ≤ 0.05 g/kg) along the trajectory, the rest of the trajectory was cut, meaning that the end of the trajectory was then at t < 240 h. Cloud base height was obtained from ERA5 and converted from (m above ground level) to (hPa) following the approach of Langhamer et al. (2018).
Moisture Source Diagnostic: Precipitation Contributions
Moisture source regions are, in our study, given as contributions to precipitation at the study site. The contribution is determined by
(1) Precipitation amount of the trajectory at the starting point
(2) Attribution of the moisture uptake along the trajectory
In particular, each selected trajectory releases a different amount of precipitation at its starting point. Hence, moisture uptakes of a strongly precipitating trajectory have a higher influence than those with only little rain. Precipitation at the starting point of a single trajectory [image: image] was estimated from the humidity loss at the starting point [image: image])with
[image: image]
and hence converted from (g/kg) to (mm/h). Hereby, g is the gravitational acceleration of the earth, [image: image] the loss of moisture at the starting point in (g/kg), and [image: image] describes the vertical extent of the air parcel in [Pa]. With the integration of the vertical extent, mean precipitation estimates for a vertical column [image: image] can be calculated with
[image: image]
where n is the number of all trajectories of a starting time, whereas m is the number of all trajectories of a starting time within one pressure level. In our study, m = 51 and n = 408 (51 × 8). The precipitation estimates allowed us to evaluate the applied method by comparing it with ERA5 total precipitation values.
The attribution describes a share of how much a moisture uptake attributes to the precipitation at the study site. It takes into account that moisture source regions farther away attribute less, since precipitation or another moisture uptake along the trajectory is reducing the influence of former (in the sense of farther away from the starting point) moisture uptakes. The calculation of the attribution started at the end of a trajectory [for a detailed description see Sodemann et al. (2008)] and included:
(1) Identification of a moisture uptake: Δq is above 0.0333 g/kg [Δq is one sixth of 2 g/kg as Sodemann et al. (2008) utilized data with a time step of 6 hours. They already pointed out that this value is an arbitrary parameter prone to subjectivity that was applied to neglect spurious uptakes. This threshold was also applied in studies of different climatic regions (Crawford et al., 2013; Pfahl et al., 2014)].
(2) Determination of the proportion of a moisture uptake to the total moisture content of the air parcel at the respective time.
(3) Identification of the next moisture uptake or loss and calculation of its proportion.
(4) Adjustment of former proportions.
The moisture uptakes along a trajectory need to be further differentiated. The reason is that moisture source regions can only be determined, when moisture is taken up within the boundary layer, a well-mixed atmospheric layer at the earth surface. Moisture uptake above the planetary boundary layer is related to processes like convection, evaporation of falling raindrops, and others. In this case, no moisture source region at the surface can be identified. Moisture that is already existent at the end point of the trajectory cannot be assigned to one or the other group, while its moisture source is unknown (Sodemann et al., 2008). For this procedure, we obtained the boundary layer height from ERA5 and converted it from (m above the ground) to (hPa) with the approach of Langhamer et al. (2018).
Summing up the calculated attributions of a trajectory by each group (above boundary layer, below boundary layer and unknown) indicates the total shares of each group for each trajectory. Calculating the median over a collection of total shares encompassing different times and pressure levels, provides the overall proportions of the groups. Most interestingly, it reveals the percentage of moisture uptake we were able to locate as moisture source regions.
Evaluation of Moisture Source Diagnostic
To evaluate the moisture source diagnostic, we analyzed the specific humidity evolution of trajectories with time. Moreover, each step of the contribution calculation, namely the attributions as well as the precipitation estimate, were investigated.
Moisture Source Regions
The analysis of moisture source regions considered only the uptake of moisture below the boundary layer. All calculated attributions were multiplied with the respective trajectory precipitation estimate [image: image] to receive the individual precipitation contribution. Furthermore, each contribution was assigned to the grid cell that is closest to the location that was determined from the trajectory model. The grid is equal to the one of ERA5.
To receive daily contributions (mm/day) at each grid cell, all contributions of the day and pressure level of interest were summed up, multiplied by 6 hours (since four starting times a day are calculated) and divided by 51 (number of trajectories per starting time and pressure level). In particular, day and pressure level always refer to the starting time and starting level of the trajectory, respectively.
Classification of Moisture Source Regions
The calculated moisture sources were further analyzed by conducting three different composites based on precipitation amount, months and years. A composite was generated by calculating the daily mean contributions at each grid cell, so summing up the daily contributions and then dividing it by the number of days encompassed in the respective composite. This resulted in a daily mean contribution (mm/day) for each grid cell.
First, precipitation amount composites were generated with days of “no rain,” “normal rain” and “heavy rain” (see Analysis of Precipitation Events) to see whether the identified different rain amounts are linked to different moisture source regions. Days of “no rain” also show moisture source regions. On the one hand, this is due to deviations between the AWS (composites are based on) and ERA5 (trajectories are based on). On the other hand, precipitation of the trajectory might not reach the surface due to evaporation of raindrops, a process that was neglected here (Sodemann et al., 2008). “No rain” days should therefore be considered as dry conditions. The time period of the calculated moisture sources covers all rainy seasons from 2008 to 2014, matching the available time period of the utilized AWS precipitation data.
For the second composite, we conducted an analysis with respect to each month (January–April) to investigate the influence of moisture source regions over the course of the rainy season. To increase the confidence in the composite, we made use of the whole time period of the trajectory data (2008–2017).
As already pointed out, the study site exhibits high interannual variability, hence, we examined source region differences by years in the third composite. This composite also does not depend on AWS data, why the considered rainy seasons span from 2008 to 2017.
For the first two composites, we analyzed three pressure levels separately, instead of considering the whole atmospheric column. In particular, we selected the lowest pressure level at 850 hPa, which represents the height at which the Andes block easterly flows. A bit above the crest height, we chose the 750 hPa, level to capture possible changing western and eastern influences. The 650 hPa level was utilized for the mid troposphere that is less influenced by the topography. Composites for each year were calculated over all eight pressure levels. For better comparability, the contributions are given as pressure level means.
Sea Surface Temperature
As already pointed out, a main driver of interannual precipitation variability is the ENSO phenomenon. Since our study interval covers ten years, the reoccurrence time of 2–7 years (McPhaden et al., 2006) did not allow for a representative and general analysis between ENSO events and the calculated moisture source regions. Nevertheless, moisture source regions need to be considered and discussed together with SSTs. Therefore, we analyzed rainy season means of ERA5 SST monthly anomalies, calculated with respect to the period from 2008 to 2017. ENSO events often occur in the transition from one year (year + 0) to another (year + 1). For simplicity, we refer to year + 1 for an ENSO event.
Discussion of δ18O in Tree Rings
A possible influence of rain amount and moisture source regions on two δ18O time series from Bursera graveolens is discussed seasonally and annually for 2012 to 2017. As no precise seasonal dating could be achieved, the intraannual δ18O values were linearly distributed within the growing season. To discuss moisture source regions, we summarized the spatial moisture contributions for defined regions (Supplementary Figure S1) and provide the accumulated contribution per month (mm/m). Furthermore, we calculated relative contribution as percentage of the monthly accumulated contributions (excluded: moisture attributions above the boundary layer and the unknown attribution). The defined regions are the Pacific, the Atlantic, continental and local areas. The latter is the continental region around the study site subjectively encompassing 7°S–2°S and 82°W–78°W (Supplementary Figure S1).
RESULTS AND DISCUSSION
Evaluation of ERA5 Reanalysis Dataset
Our two-step evaluation compares, in first instance, all available variables of the AWS with the respective ones of MERRA2 and ERA5. In the second step, we considered the performance of ERA5, focusing on precipitation variability. For further information, see section Evaluation of ERA5 Reanalysis Dataset.
Evaluation of ERA5 Reanalysis Against MERRA2 and Both Automatic Weather Stations
Wind
The inter-quartile ranges and medians of wind speed at the Valley Station differ from those at the Mountain Station (Figures 1A,E). This is attributed to altitudinal effects that lead to enhanced wind speeds at the Mountain Station. The calculated wind speeds of ERA5 capture the variability of the Valley Station, whereas MERRA2 shows the characteristics of the Mountain Station. This is confirmed by the mean bias (e.g., daily mean bias: Valley Station: −0.17 m/s [ERA5], 1.18 m/s [MERRA2]; Mountain Station: −1.29 m/s [ERA5], 0.04 m/s [MERRA2]) and the rmse.
[image: Figure 1]FIGURE 1 | Evaluation of ERA5 and MERRA2 against both AWS (Valley Station -Val, Mountain Station -Mount) with the consideration of their distributions (A–H), mean bias (I–L), rmse (M–P), correlation coefficient (Q–T) for the variables wind speed (ws), u- and v-wind components, 2 m-temperature (t2m), relative humidity and total precipitation for the mean of the two closest grid cells to the study site based on hourly values and daily values.
The main wind direction is clearly zonally dominated. In contrast, the Valley Station is located on a north-south directed valley, which leads to more pronounced v-winds in opposition to the normally distinct u-winds. Considering the wind components of the Valley Station in the evaluation would lead to a misinterpretation, which is why they are not further considered for the mean bias, rmse and correlation analysis. The performance of both reanalysis products regarding the u-winds shows a similar bend as for the wind speed. The ERA5 median lies a bit lower than the one of the Mountain Station, whereas MERRA2 captures the range and the median of the Mountain Station quite well. Considering the mean bias (Figure 1I) and the rmse (Figure 1M), as expected, MERRA2 shows a good performance with regard to the Mountain Station.
The v-wind components are rather small, which makes it hard for reanalysis products to reproduce its variability. The resulting low correlation coefficients are of minor importance to our study due to the main wind direction along the u-axis.
In general, it should be noted that the inter-quartile range and also the whole range of values of ERA5 tends to be smaller than those of the AWS. However, considering the correlation coefficient, ERA5 performs for all wind variables (excluding v-winds) equal or even better than MERRA2 (Figure 1Q). The hourly wind correlation coefficients feature higher correlations (corr. max = 0.66) than the daily ones (corr. max = 0.37), which can be related to a well-established and well-captured daily cycle. An in-depth global evaluation of near-surface winds revealed a better performance of ERA5 in variability and also in mean winds compared to MERRA2 (Ramon et al., 2019).
Temperature
The 2 m-temperature of the Valley Station (median hourly data: 23.6°C) exceeds that of the Mountain Station (median hourly data: 16.2°C) (Figures 1B,F), due to its difference in altitude. The range of ERA5 values lies in between both AWS stations (median hourly data: 20.3°C). MERRA2 tends to reproduce the Valley Station temperatures (median hourly data: 22.6°C), which results in smaller and, in comparison to ERA5, better mean bias (Figure 1J) and rmse (Figure 1N) values with regard to the Valley Station, but higher and worse ones for the Mountain Station. As for wind speed, ERA5 reveals better correlation coefficients (Figure 1R), which implies that the variability is well captured. The existing daily cycle is represented in both reanalysis datasets.
Relative Humidity
The relative humidity of the Valley Station features generally lower values compared to the Mountain Station (Figures 1C,G). As before, ERA5 values are in the middle of both AWS, which is represented by a positive and negative mean bias for the Valley and Mountain Station, respectively (Figure 1K). MERRA2 underestimates the relative humidity on both timescales and consequently exceeds all rmse values of ERA5 (Figure 1O). The correlation coefficients are for both reanalysis quite similar with respect to the Valley Station, however, for the Mountain Station, ERA5 exhibits higher values (Figure 1S).
Precipitation
Precipitation characteristics are similar for the Valley and Mountain Stations, but both reanalysis products overestimate the amount of rain (Figures 1D,H). This becomes more obvious considering the daily sums in contrast to hourly values. For the tropical Andes, this overrating was already pointed out for MERRA2. Furthermore, precipitation in reanalysis products generally features high uncertainties, because it is not assimilated to observations (Gelaro et al., 2017). However, even high-resolution climate models tend to overestimate precipitation. This results from small conversion errors in the microphysics scheme. These accumulate with increasing amounts of liquid in clouds, which applies particularly to the tropics (Wang and Kirshbaum, 2015). In our study region, additional discrepancies arise due to missing gauge data and the high spatial variability of precipitation due to the complex mountainous topography (Lorenz and Kunstmann, 2012). Especially, the latter contributes to a scale mismatch between the reanalysis and the point measurement of the AWS, which increase the deviations (Tustison et al., 2001). Therefore, unsurprisingly, the reanalysis products have difficulties in reproducing the number of days with no rain and underestimate the amount of extreme precipitation events. However, the overall skewness of the distributions is reproduced by the reanalysis dataset. The largest difference in the correlation coefficient is found between the timescales (Figure 1T). Unlike wind and temperature, the hourly values yield smaller coefficients than the daily ones. The reason will be further investigated in section Evaluation of ERA5 Precipitation Variability.
Outcome of Evaluation of ERA5 Reanalysis Against MERRA2 and Both Automatic Weather Stations
In summary, ERA5 is more consistent in its tendency to feature values in between both AWS. Moreover, MERRA2 comprises an underestimation in relative humidity, which is undesirable for moisture source diagnostics. In contrast, ERA5 underrates the range of wind values. Nevertheless, correlation coefficients between ERA5 and AWS are in all cases (variables and timescales) almost equal or better than those between MERRA2 and the AWS. This suggests a better representation of variability within the ERA5 data for our study site.
In South America, ERA-Interim, the forerunner of ERA5 performed appropriately for different variables (Campozano et al., 2017; Montini et al., 2019; Sanabria et al., 2019) and also for trajectory analysis with and without moisture diagnostics (Knippertz et al., 2013; Drumond et al., 2014; Trachte, 2018). These studies have in common that their calculations were accomplished within the complex topography of the Andes. The higher spatial and temporal resolution of ERA5 in comparison to ERA-Interim implies a better representation of the complex topography and a reduced scale mismatch. This suggests an improvement in the precision of trajectory calculations, which is in line with Hoffmann et al. (2019). This promising behavior led us to choose ERA5 as the input dataset for our study.
Evaluation of ERA5 Precipitation Variability
Daily and Seasonal Cycle
Beginning at the daily cycle, before analyzing coarser time scales, reveals that ERA5 does not reproduce the daily cycle due to showers that occur in the afternoon instead of during the night (Figure 2A).
[image: Figure 2]FIGURE 2 | Evaluation of the variability of ERA5 (darkred) with respect to the Valley Station (blue, AWS) considering the daily (A) as well as the seasonal cycle (B) and further the rainy season and interannual variability (C).
The seasonal cycle presented as means of monthly precipitation sums is well established in ERA5 (Figure 2B). However, it is more pronounced with overestimated values during the rainy season and the beginning and the end of the dry season. During the rainy season, estimates of precipitation from reanalysis products feature the highest uncertainty, due to convective processes that are only sparsely resolved (Lorenz and Kunstmann, 2012). Moreover, ERA5 is consistent with the AWS, showing high variability within each month, in particular between January and April. The month with the greatest amount of precipitation in the AWS data is in February, whereas, ERA5 shows a maximum in March. The latter is in line with Bendix and Lauer (1992). The AWS data feature missing values in March and April 2008 (Figure 2C). As the number of years comes just to seven, we expect a bias in the monthly mean value in March and April. Moreover, the ERA5 monthly mean of February is almost as high as in March. Consequently, we determine February and March as months with maximum precipitation.
Interannual Variability
According to the interannual variability (Figure 2C), precipitation varies strongly from year to year as previous studies have already shown (Spannl et al., 2016). The years 2013 and 2014 can be classified as dry years. With respect to those, the rainfall amount is about three times higher in 2009 and 2012. In ERA5, the remarkable precipitation amount of 2012 is clearly visible. However, the reanalysis has difficulties to reproduce the dryness of 2013 and 2014. This overestimation of precipitation is not surprising, as already pointed out above. In 2008, ERA5 and AWS precipitation diverge, whereby the latter shows lower values. As the AWS measurements contain missing values for almost half of the rainy season, it can be assumed that the AWS precipitation sum for 2008 is underestimated.
The precipitation sums during the rainy season for both datasets closely follow the variability of the annual sums. On average, the rainy season contributes about 82% to the annual sum of precipitation. In 2012, this share even reached 98%. The rainy season share of ERA5 comes to 73% on average, suggesting that the overrated precipitation of the dry season is proportionally higher than for the rainy season.
Overall, the precipitation amounts in ERA5 exceed that of the AWS. As already pointed out, this overestimation is as expected. Yet, the interannual and rainy season precipitation variability is well captured. The latter was already reported for ERA-Interim with respect to the southern central Andes (Rusticucci et al., 2014). As we do not have AWS data for the years 2015–2017, we are confident in using the relative evolution of the interannual and rainy season precipitation amounts from ERA5 for further analysis. Hereby, it is important to note that rainy season precipitation amounts are steadily increasing up to 2017.
Characteristics of Precipitation Events
Two main types of precipitation can be identified in the study region, short-lasting and long-lasting events (Figure 3). The latter are frequently occurring during particularly wet years, like in 2009 (Figure 3A) and 2012 (Figure 3B). Short-lasting events occur in all years, whereby their frequencies are slightly higher in wet years.
[image: Figure 3]FIGURE 3 | Daily precipitation of the Valley Station during the rainy seasons of the years 2009 (A), 2012 (B), 2013 (C) and 2014 (D) and its frequency distribution of all respective precipitation values above or equal 1 mm. The stacked barplot at the bottom (E) shows the year-to-year variability of the frequency of days regarding rain amount, not classified and missing values. The colors, irrespective of bars or dots, show the classes “no rain”, “normal rain” and “heavy rain.”
Besides, also dry spells may occur. This is in contrast to high intensity precipitation events that can bring up to 85 mm/day. These daily differences also exist at locations in the vicinity of our study site and show that convective activity plays an important role (Emck, 2008). Therefore, it is not surprising that many short rain events occur within our data. This kind of rain was identified as the main rain type north of our study site, close to Cuenca, Ecuador, using a vertically pointing rain radar employed from February 2017 to January 2019 (Seidel et al., 2019). These short-lasting rain events lead to moderate precipitation amounts or to heavy rain events. Convection can be attributed to an extended land-sea breeze system, but can also entrain easterlies coming from the Amazon (Bendix, 2000).
Another type of precipitation in our study region that can be associated with heavy precipitation are long-lasting events that feature durations up to a few days. They encompass high and low rainfall intensities. This phenomenon is known in this region, especially for February and March, and is related to westerly winds that can be intensified by blocking at the Andean ridge (Emck, 2008). Bendix (2000) pointed out that these persistent rains are associated with deep convection and are a result of mesoscale convective systems. The latter can spatially extend up to 250 km and are a result of atmospheric instability and high SST anomalies in the Pacific. The Paute Basin, located in the highlands of Southern Ecuador, is also influenced by mesoscale convective systems (Campozano et al., 2018).
To detect a possible relationship between the precipitation amount and moisture source regions, we generated composites of moisture source regions based on the available daily rain amount data during the rainy season from 2008 to 2015. The classification of days regarding rain amount shows a high interannual variability (Figure 3E). During the wet rainy season of the year 2012, a high number of days with heavy precipitation occurred. This is in contrast to weaker rainy seasons of the years 2011, 2013 and 2014, that show a higher number of dry days. These results are in line with the findings of the analysis of precipitation events.
Moisture Sources
Moisture sources are based on trajectory calculations and are determined by a moisture source diagnostic (see Moisture Sources based on Backward Trajectories). In our study, the determined moisture sources have to be considered as contributions in mm/day to the local precipitation. To gain confidence in the moisture source diagnostic, we evaluate it before considering the composites.
Evaluation of Moisture Source Diagnostic
The specific humidity evolution along precipitating trajectories (Figure 4) reveals that the humidity in the last few hours before reaching the starting point strongly decreases. This is reasonable, since orographic lifting due to the Andes enhances precipitation and occurs to all air masses irrespective of their origin. Apart from that, a continued increase of moisture can be observed from the end of the trajectories toward the starting point. This increase is stronger for backward times between 150 and 240 h. Test cases for two months (not shown) revealed that this increase is getting weaker beyond 240 h.
[image: Figure 4]FIGURE 4 | Median temporal evolution of specific humidity along the precipitating backward trajectories. The filling describes the quartiles of all values.
Daily precipitation estimates from the trajectories can reproduce the total precipitation of ERA5 (Supplementary Figure S2). Precipitation events with high amounts are mostly captured. However, the amount is usually a bit lower than that of ERA5. This can be attributed to the fact that not the whole column is considered, and the trajectories are not started every hour. The Pearson correlation coefficient comes to 0.73 and is statistically significant with a p-value < 0.001. Overall, the precipitation estimates can be considered as reasonable.
The calculated medians of the attributions (Figure 5) show a distinct pattern. With increasing height, a decreasing of the attributions below the boundary layer can be observed, as expected. At the surface, attributions are achieved mainly between 40% and 60%, while in the upper levels, the attribution reduces to around 20%. In contrast, the attributions above the boundary layer reveal attributions between 20% and 40% at the surface and high values of up to 60% in the upper levels caused by convection, turbulences, numerical diffusion and evaporation of rainwater (Sodemann et al., 2008). As convection is a main climatological process in our study area, we are not surprised having high attributions above the boundary layer. However, these are a source of uncertainty in this study that need further investigation. The year 2016 is outstanding, as almost 80% can be linked to a moisture source region (Figure 5J), whereas the attribution above the boundary layer is close to 0% (Figure 5K). An explanation would require further analysis.
[image: Figure 5]FIGURE 5 | Median of trajectory attributions separated by each group (below boundary layer, above boundary layer and unknown) for each pressure level and for all values (A–C) and separated for each composite [rain amount (D–F), months (G–I), years (J–L)].
The unknown share is for all pressure levels and all composites mostly in the vicinity of 20%. For our study area, long backward time calculations are necessary due the large distance to the Atlantic. The computational expenses were, in this respect, the limiting factor. However, the best compromise between the share of unknown attributions and these expenses were found to be at a backward time of 240 h.
Composites Based on Rain Amount
Moisture sources irrespective of its composite show a clear vertical evolution (Figure 6) that can be associated with the major wind systems in that region (see Study Site). In the following, we will describe this evolution by means of the “no rain” class and will afterward point out the differences with the other classes. “No rain” moisture sources can be interpreted as humidity loss, which is not leading to the formation of precipitation (see Classification of Moisture Source Regions). These days are related to dry conditions. At 850 hPa (Figure 6G), moisture is mainly picked up from the oceanic Humboldt current, following the west coast of Peru and Ecuador, south of the study site. This southern oceanic pathway is linked to the southeasterly trade winds of the South Pacific subtropical high pressure system and was also identified by air mass trajectories for the Andes highlands in this region (Trachte, 2018). This moisture source is strongly pronounced during “no rain” days. Dry conditions in Ecuador are linked to a distinct westerly Choco Low Level Jet (Sierra et al., 2015). It evolves from the mentioned southeasterly trade winds of the eastern Pacific and recurves to westerlies at 5°N (Poveda and Mesa, 2000; Amador et al., 2006). Consequently, intense southeasterly trade winds off the coast of Ecuador lead to dry conditions in our study area. However, its influence decreases with height.
[image: Figure 6]FIGURE 6 | Moisture source regions given as daily mean contribution (mm/day) to the precipitation at the study site for the pressure levels 850, 750 and 650 hPa and separated into the composites of rain amount (“no rain” (A,D,G), “normal rain” (B,E,H) and “heavy rain” (C,F,I). Topographic contours, with 750 m interval, shown as gray lines.
Easterly trade winds begin to dominate at higher levels, as the blocking by the Andes declines (Figures 6A,D). Thereby, two continental moisture source branches can be identified, a very weak southern branch and a distinct northern one. The southern continental branch obtains moisture from the eastern flanks of the Peruvian and Bolivian Andes and Brazil. However, no such trajectory pathway is existent in the study for the Andes highlands (Trachte, 2018). The reason could be that it is disregarded in their applied factor analysis due to its low intensity and moreover, due to the differing location. The northern one, is very pronounced and gains humidity from the eastern flanks of the Colombian Andes and along the Orinoco plains “Los Llanos” covering parts of Colombia and Venezuela. At 650 hPa (Figure 6A), the majority of moisture is originating from these plains. This is in line with the results of a trajectory analysis for the Andes highlands (Trachte, 2018).
“Heavy rain” moisture sources show differing characteristics from those of “no rain” at all considered levels (Figures 6C,F,I). At 850 hPa (Figure 6I), the importance of the southern oceanic source region has decreased. In accordance, moisture is picked up from the ocean west of the study site and to the north. The latter exhibits regions within the Pacific Ocean, like the Gulf of Panama, and even the Caribbean Sea. These additional oceanic western and northern uptake regions are existent throughout the other pressure levels. The enhanced westerlies during heavy precipitation events (Bendix, 2000) can therefore be linked to an increase of ocean moisture source regions west and north of the study site and a decrease in moisture input from westerlies arising from the recurved southerlies. This is reasonable, since heavy precipitation events are often related to a weaker South Pacific subtropical surface high pressure system and less ascending air (Endlicher et al., 1989; Bendix and Lauer, 1992), which in turn allows an approaching of air masses from the north to the study region (Bendix and Lauer, 1992).
As convection is another process leading to heavy precipitation (see Characteristics of Precipitation Events), it is not surprising that an enhanced local uptake of moisture can be identified. This can be seen at all pressure levels (Figures 6C,F,I), but mainly at 650 hPa (Figure 6I).
“Normal rain” moisture sources feature regions that describe a mixture of “no rain” and “heavy rain” ones (Figures 6B,E,H). In particular, at each pressure level, a westerly influence is visible, though it is not as distinct as for “heavy rain.” The same applies to the oceanic moisture source region from the Caribbean.
In summary, at the lower levels, moisture is mainly picked up along the South American coast south of the study site, whereas, with increasing height, northern South America and the Atlantic are the main sources of moisture. “Heavy rain” days in contrast to “no rain” days show a strongly enhanced oceanic moisture uptake west and north of the study site, even reaching the Caribbean Sea.
Composites for Each Month (2008–2017)
Moisture source regions show a different pattern over the course of the rainy season (Figure 7).
[image: Figure 7]FIGURE 7 | As Figure 6, but for the composites of each month [January (A,E,I), February (B,F,J), March (C,G,K), April (D,H,L)].
The oceanic influence from the Caribbean Sea exists throughout the considered atmospheric pressure levels. It reaches its maximum in February (Figures 7B,F,J) and decreases toward April (Figures 7D,H,L).
The oceanic moisture source region west of the study site is most pronounced in February and March (Figures 7B,F,J,C,G,K) at all pressure levels, which coincides with the two months of maximum precipitation.
The southern oceanic influence is most distinct in January (Figures 7A,E,I) and re-strengthens in April. It is the main feature at the 850 hPa level in all months and loses its importance with increasing height.
The continental northern branch sticks, in January, mostly to the Orinoco plains (Figures 7A,E). With proceeding months, moisture is increasingly picked up in regions further south, resulting in moisture regions in April that extend from the northeastern flanks of the Andes over the majority of the northern continent (Figures 7D,H). This applies mostly to the upper two pressure levels considered in this study. Such a shift was also found in other studies (Drumond et al., 2014; Trachte, 2018). In particular, trajectory analysis for the Amazon Basin revealed that during the austral summer, moisture is picked up predominantly in the tropical North Atlantic, while during the austral winter, the main source region is restricted to the South Atlantic (Drumond et al., 2014).
The observed spreading of moisture sources over the continent toward the end of the rainy season can, therefore, be interpreted as transition to the austral winter moisture source regions in the South Atlantic. This coincides with the manifestation of the continental source region to the south. It is not existent in February at 750 and 650 hPa (Figures 7B,F) while it is most pronounced in April (Figures 7D,H).
The findings of Drumond et al. (2014) additionally confirm the decreasing influence of the Caribbean moisture source over the course of the rainy season, as this region is part of the tropical North Atlantic. These results are maintained if the years 2016 and 2017 are excluded, which were exceptional within the analysis time period due to El Niño events (Supplementary Figure S3, see Sea Surface Temperature).
Composites for Each Calendar Year
The interannual change of moisture sources during the rainy season was analyzed by considering all calculated pressure levels together for each year (Figure 8).
[image: Figure 8]FIGURE 8 | Moisture source regions given as daily mean contribution (mm/day) to the precipitation at the study site for all calculated pressure levels and separated into the composites of each year (2008–2017) (A–E,K–O). The rainy season precipitation sums increase from the upper left plot to the lower right one. Every second row shows sea surface temperature anomalies (F–J,P–T) with respect to the time period from 2008 to 2017. Topographic contours, with 750 m interval, shown as gray lines.
Increasing rainy season precipitation amounts reveal an enhanced influence of the moisture source region west of the study site, which is in line with previous findings of this study.
The most intense contribution from the Caribbean Sea can be observed during years with high precipitation sums (2016, 2017, Figures 8L,O), whereas the weakest manifestation is linked to the years with the lowest amounts (2011, 2013, Figures 8A,B). However, less pronounced contributions from this branch could also occur during wet years (2012, Figure 8N). Since these results are still inconclusive, we suggest that other processes are of higher importance for contributing to the observed interannual differences. The same applies to the continental branches, which do not reveal any specific pattern.
Sea Surface Temperature
The central tropical Pacific showed neutral to cold conditions during the rainy seasons of 2011, 2013 and 2014 (Santoso et al., 2017). The same applies to the eastern Pacific off the coast of Ecuador (Figures 8F–H). These years are related to low rainy season precipitation amounts and lack distinct moisture sources west of the study site (Figures 8A–C). This also applies to 2010 (Figure 8D), however, in this year a central Pacific El Niño occurred (Lee and McPhaden, 2010; Santoso et al., 2017; Wang et al., 2017) leaving the eastern tropical Pacific in cold conditions (Figure 8I). The situation is similar to 2015 (Santoso et al., 2017), but the moisture source region west of the study site is more pronounced in 2015 (Figure 8E). This might be due to a warming starting toward the end of the rainy season (McPhaden, 2015). Although warm conditions prevailed in the central Pacific, the precipitation amount of the rainy season was moderate.
The year 2016 was exceptional, as it is related to a major eastern Pacific El Niño event (L’Heureux et al., 2017; Sanabria et al., 2019). During the rainy season, the mean evaporative moisture uptake reveals extraordinarily high values in the whole region (Figure 8L). The continental as well as the oceanic moisture source regions contribute to precipitation at our study site. Moisture transport analyses discovered that the moisture in 2016 originated from both sides of the Andes (Sanabria et al., 2019).
2017 is the wettest of the considered rainy seasons. Although the moisture sources are not as extensive as in 2016, the contribution of the oceanic source region west of the study site is more intense and more concentrated on the coast (Figure 8O). The same applies to the SSTs, that are linked to a coastal El Niño event (Echevin et al., 2018; Garreaud, 2018; Rodriguez-Morata et al., 2019). This suggests a greater importance of coastal SST anomalies instead of those occurring closer to the central Pacific. Additionally, this event can be linked to a decreased intensity of southeasterly trade winds and enhanced northwesterly winds (Garreaud, 2018). The associated warm SSTs, that reached 28°C along the Peruvian coasts during March 2017 (Rodriguez-Morata et al., 2019), led to deep convection (Garreaud, 2018; Rodriguez-Morata et al., 2019). In accordance, moisture is extensively taken up in the vicinity of our study site.
The moisture source region patterns west of the study site in 2008 and 2012 (Figures 8M,N) are similar to those in 2017, however, markedly less distinct and reaching slightly further west. These two years do not show as intensive warming as in 2016 and 2017, but have a strong very localized warm SST anomaly, which occurred off the coast of Ecuador (Figures 8R,S). The rest of the tropical Pacific in 2008 showed cold anomalies (Bendix et al., 2011). Similarly, in the beginning of 2012, cold La Niña conditions were decaying in the central Pacific, while a warming occurred in the eastern Pacific (Su et al., 2014) (Figure 8).
These results further indicate that irrespective of their extent, warm SST anomalies near the Ecuadorian coast are more effective in increasing the western oceanic moisture uptake for the study site than warm SST anomalies in the central Pacific. This confirms the findings of other studies pointing to the importance of local SSTs for the generation of rain events on the western flanks of the Ecuadorian Andes (Bendix et al., 2011; Vicente-Serrano et al., 2017).
Further, Drumond et al. (2014) found out that the Amazon receives enhanced moisture input from the North Atlantic during La Niña years. In contrast, during El Niño years, the main moisture source is the South Atlantic. Our results regarding the moisture coming from the Amazon Basin also show such a tendency, but it is not clearly visible. This may be related to the few cases for El Niño and La Niña events that occurred during our study period.
In summary, with rising precipitation amounts, moisture is increasingly picked up from the ocean west of the study site. This can also be seen over the course of the rainy season and in years with high rainy season precipitation sums. This moisture source region can be further associated with local warm SST anomalies in the eastern Pacific. However, in each case, the study site shows influences from both, the oceanic tropical Pacific and the continental Amazon.
Hydroclimatic Controls on δ18O in Tree Rings
In the following, we discuss possible climatic mechanisms affecting the δ18O variability in tree rings of Bursera graveolens, like rain amount and its moisture source regions.
The interpretation of the seasonally resolved tree-ring isotope values needs to be taken with caution, since the individual values are not absolutely dated, due to missing information of the beginning and end of the growing season of Bursera graveolens. A study that analyzed tree ring widths of Bursera graveolens pointed out that much of the tree growth occurred after rain events, which fall between January and March/April (Rodríguez et al., 2005). The same was found for other tree species in our study area (Butz et al., 2017). However, another study found significant correlations between tree ring width of Bursera graveolens and regional precipitation from February until June and in September (Pucha-Cofrep et al., 2015). Therefore, we suggest that further investigations, like dendrometer measurements or cambial monitoring, are necessary to precisely date the growing season. Furthermore, the first and last few values of a year may contain a mixed signal of two years, since the annual tree-ring boundaries where not always perpendicular on the collected increment cores. Despite of these limitations, we undertook the effort to evaluate the impact of precipitation events and changes in moisture sources on the intra-annual variations of δ18O in tree rings of Bursera graveolens.
A distinct and stable seasonal cycle of isotopic values is not evident (Figures 9A,B,D,E,F), as it was found in a temperate forest in North America, where seasonal temperature variations and precipitation deficit were identified as the driving mechanisms (Evans and Schrag, 2004). However, since temperature does not vary strongly at our study site (Pucha-Cofrep et al., 2015), we do not expect a great influence of temperature on δ18O variations. In line with our findings, tree ring δ18O variations in Prosopis sp. in northwestern Peru, about 100 km south of our study site, did not reveal a seasonal cycle (Evans and Schrag, 2004). Nevertheless, some temporal patterns can be recognized in the δ18O variations in Bursera graveolens. In 2012 and 2013 (Figures 9A,B), increasing δ18O values at the beginning of the growing season lead to a first maximum, that is followed by a minimum and a second maximum before decreasing at the end of the growing season. In 2017 (Figure 9F), the course of the isotopes is similar, but starts with the decreasing part toward the minimum. In contrast, isotope values in 2016 (Figure 9E) do not show a clear temporal pattern, although a minimum and a following maximum with decreasing values toward the end of the growing season can be identified. For 2015 (Figure 9D), no particular pattern is visible.
[image: Figure 9]FIGURE 9 | Tree ring isotopes of Bursera graveolens for each year, the values are linearly distributed within the growing season, since a seasonal dating was not possible (A–F). In 2014, no tree ring was built (C). Accumulated moisture contributions from different regions (G–L). Relative moisture contributions from different regions (M–R). Moisture contributions are based on the precipitation estimates derived from the trajectories.
The increasing isotope trend in the beginning of the growing seasons of 2012 and 2013 fits with the rising relative moisture source contribution from the Pacific and a coupled decreasing influence from the continent during January and February (Figures 9M,N). Moisture from the Pacific exhibits relatively enriched values of δ18O due to its short moisture transport pathway to the study site and the resulting small fractionation processes. In contrast, the continental signal is depleted in δ18O. We suggest that this rising influence from the Pacific leads to the increasing δ18O values in the beginning of the growing season. As indicated, these Pacific moisture contributions are related to heavy precipitation events. These occur and lead to high precipitation amounts. The latter are evident in the rising accumulated contributions toward February and March based on the precipitation estimates from the trajectories (Figures 9G,H). As a result, the rain amount effect sets in, which leads to the observed decreasing δ18O values. The decreasing δ18O pattern at the end of the growing season can be related to a decreasing moisture contribution from the Pacific and an enhanced moisture contribution from the continent. In 2015 and 2016 (Figures 9P,Q), this changing relative moisture source contribution begins quite late in the growing season, explaining why this effect might be overlaid in the isotopic signal by other mechanisms. In 2017 (Figure 9R), the moisture source contribution from the Pacific is already pronounced in January. Due to the early onset of the increasing influence of the Pacific, the increasing δ18O signal might not be recorded as the growing season sets in later. The effect of changing moisture sources on the isotopic composition of climate proxies has been demonstrated on an annual basis in different studies and regions (Wernicke et al., 2016; Grießinger et al., 2018), but was also shown for a seasonally resolved proxy (Muangsong et al., 2020).
The annual course of the isotopic values from 2012 to 2017 is quite pronounced, 2017 stands out with values as low as about 18‰ (Figure 9F). In comparison, the values of the other years range from 22–24‰ (Figures 9A,B,D,E). In contrast, the highest δ18O values were recorded in 2013 (Figure 9B). In 2014 (Figure 9C), no interpretable tree ring has formed, since it is the second dry year in a row.
The rain amount of the rainy season does have an effect on the isotopic values, which is known as the amount effect (Dansgaard, 1964). This is particularly obvious in 2017 and 2013, the years with the lowest and highest δ18O values. They are linked to the wettest and one of the driest years, respectively. As indicated, the high precipitation amounts of 2017 can be linked to a coastal El Niño event. A strong decrease in δ18O was also observed in Prosopis sp. tree rings in northwestern Peru during the eastern Pacific El Niño in 1998 and was also accompanied by high precipitation amounts (Evans and Schrag, 2004). Furthermore, the oxygen isotope signature of teak trees (Tectona grandis) from Java revealed a negative correlation with rain amounts during the dry and rainy season as well and also record ENSO related signals (Schollaen et al., 2013; Schollaen et al., 2015). However, during the very wet rainy season of 2016 which can be directly linked to a major eastern Pacific El Niño (L’Heureux et al., 2017; Sanabria et al., 2019), the isotope ratios do not show a strong drop. Particularly low δ18O values would be expectable due to the additional effect of the enhanced continental influence. Local recycling, where moisture is reentering the atmosphere by evaporation is an important process within the Amazon Basin (Victoria et al., 1991; Eltahir and Bras, 1994). This mechanism, which would result in a mixed isotopic signal, might explain the unexpected isotopic ratios of 2016.
It also needs to be kept in mind, that the δ18O variations in tree rings partly represent the δ18O changes of soil water. This means that the δ18O composition of rain undergoes further fractionation processes from the soil surface to the root depth. Additionally, tree physiological mechanisms, like leaf water enrichment further control the isotopic composition (Gat, 1996; McCarroll and Loader, 2004; Gessler et al., 2014; van der Sleen et al., 2017).
To increase the understanding of the isotopic signal in particular with respect to local processes, also changes of temperature, local precipitation and relative humidity need to be taken into account. For the latter two variables, no daily dataset was available to represent the local variability for the years 2016 and 2017 (not covered by the AWS data) appropriately (not shown). Temperature was neglected in our study, since it does not vary strongly over the course of the year.
Additional uncertainty is added by the scale mismatch between the local isotopic signal of the tree and the calculated moisture sources based on the ERA5 reanalysis (Ludwig et al., 2018), as applies for the comparison between the AWS and the reanalysis datasets.
Furthermore, due to dating uncertainties in some of the analyzed intra-annually isotope time series, the number of two δ18O reliably dated time series is not yet representative for a thorough analysis. Therefore, the results serve as discussion basis that warrants further investigation. A higher sampling replication for the corresponding period are envisaged as part of a future study.
CONCLUSIONS
In this study, we calculated moisture source regions for our study site in southern Ecuador on the western flanks of the Andes by using the trajectory model LAGRANTO and related those to precipitation events. We further analyzed the seasonal and annual evolution of the moisture sources and discussed possible relationships with seasonally resolved oxygen isotope ratios of tree rings of Bursera graveolens. ERA5 served as input dataset for LAGRANTO, whereas AWS data were utilized to analyze precipitation events. The main outcomes of our study encompass:
(1) Heavy precipitation events reveal a high moisture contribution from the Pacific.
(2) Warm coastal Pacific SST anomalies are more important for heavy precipitation events than warmings off the coast or in the central Pacific.
(3) Precipitation at the study site consists of a mixture of moisture from the Pacific and from continental areas east of the Andes as far as the Atlantic Ocean—however the relative contribution is variable throughout the rainy season, with particularly enhanced contributions from the Pacific in February and March.
(4) The isotopic signatures of Bursera graveolens witnesses precipitation amount effects and reflects the changes in the relative contribution of moisture source regions over the course of the rainy season.
The outcome of this study can contribute to a better understanding and higher confidence in the hydrological processes that influence the study site and emphasize that both the Pacific as well as continental South America and the Atlantic contribute to its precipitation.
The gained knowledge about moisture sources and the discussed relationship to the isotopic signature of Bursera graveolens is a good basis for future work.
Questions that remain to be answered are
(1) Why are the δ18O values in 2016 unexpectedly high, although the rain amount is among the highest within the analyzed ten-year period beside an exceptionally high continental contribution?
(2) How is the considerable attribution of moisture uptake above the boundary layer height influencing the isotopic signal?
(3) Can we achieve a precise dating of the intra-annual tree ring δ18O values and find further confidence in the postulated argumentation regarding the change of relative contribution of the moisture sources?
To address these open questions, we plan to employ a high-resolution atmospheric model in the next step, which will allow us to investigate the influence of convection and other local or mesoscale processes on the isotopic signal. Taking into account that convection is not captured with the applied moisture source diagnostic but leads to a high attribution amount above the boundary layer height, it might be a key factor in answering the first two questions. This argument is particularly valid, as convection is one of the main processes at the study site. Additionally, this approach will help us to resolve the scale mismatch. We will use an isotope-enabled version of the model to gain better knowledge about the isotopic composition of precipitation in the study area and how it is modified by convection. This might provide a possibility to seasonally date the isotopic ratios of Bursera graveolens and find further proof of the hypothesized influence of moisture sources on the seasonal isotopic ratio. For the latter, further intra-annual tree ring isotope series with precise dating control through associated measurements of tree ring growth and cambial modeling are inevitable.
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