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Prioritizing High-altitude Ramsar Wetlands in the Eastern Himalayas

Abstract

Himalayan high-altitude wetlands are some of the most iconic and hydrologically dynamic ecosystems in South and Central Asia. Yet little is known about their historical ecology; less is reported on their management. To aid their conservation, I review available knowledge and prioritize high-altitude sites as potential Ramsar Wetlands of International Importance. Focusing on the Sikkim Eastern Himalayas, I: 1) delineate the area and extent of high-altitude wetlands using maximum entropy models; 2) describe HAW ecological communities through systematic review; 3) identify conservation targets based on a multi-criteria decision framework; and, 4) assess policy mechanisms buttressing Ramsar Convention objectives. My analysis indicates that high-altitude wetlands occupy a core area of 69,430 ha in Sikkim, India, with marginal, fringe, or seasonal extents expanding outward to 170,700 ha. Published records suggest that these systems support 803 species representing 5 kingdoms, 172 families, and 377 genera. Approximately 11% of these species are considered threatened by the International Union for Conservation of Nature. Using model and literature output, several conservation scenarios were generated to support wetland management. Overall, delineated wetlands met Ramsar Convention criteria, and are protected by national, state, and local polices and practices. This article’s interdisciplinary approach exemplifies the utility of applied decision-support techniques for land-use planning aimed at biological conservation.
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1.	Introduction

The mountains of the Himalayas and Tibetan Plateau contain the most glaciated terrain outside of Earth’s poles (Brun et al., 2017). As they freeze and thaw, Himalayan glaciers both generate and recharge high-altitude wetlands (HAWs), typically defined as areas of temporary or permanent saturation located 3-km above sea level (asl) and between the tree line and permanent snow line (Khan and Baig, 2017). HAWs are critical to the hydrology and populations of South and Central Asia (Sharma et al., 2015; Milner et al., 2017). They serve as water storage basins that attenuate runoff from snowmelt, and provide habitat for species with trans-Himalayan ranges (Hawkes et al., 2011; Ragettli et al., 2016). Moreover, they are central to religious traditions in the region, and can contain rare earth elements such as lithium (Acharya and Dokham, 1998; Kesler et al., 2012). Despite these functions, HAWs are largely unmanaged by regional governments (ICIMOD, 2009, 2010). States have relied on non-government organizations (NGOs) to promote community-based conservation in the absence of federal management (e.g., Chatterjee et al., 2010; Gujja, 2007; ICIMOD, 2014).

In the Indian context, HAWs are indirectly protected by national environmental policies; however, Ramsar protocols remain the de facto standard for NGO-led conservation (Bassi et al., 2014). The Convention on Wetlands, or Ramsar Convention (Ramsar, Iran, 1971), is an inter-governmental accord promoting “the conservation and wise use of all wetlands through local and national actions and international cooperation, as a contribution to achieving sustainable development throughout the world” (Resolution XII.2, 2015). Emphasizing habitat for migratory birds, it aims to preserve the ecological character of these systems, including their community structures, processes, and services at a given point in time (Resolution IX.1, 2005). Defining the ecological qualities of proposed Ramsar sites, however, has challenged India’s Ramsar delegation (MoEFCC, 2018). This is due, in part, to HAW remoteness and location along sensitive geopolitical boundaries, which has complicated ecological surveys. State-level policies, driven by conservative interpretation of international environmental agreements, have further hindered biodiversity research throughout the country (see Bawa, 2006; Prathapan et al., 2009; Prathapan et al., 2018). With remote sensing applications limited by high cloud-cover in the Eastern Himalayas, the Indian delegation must develop innovative methods for assessing the extent and qualities of these ecosystems (Guo et al., 2017).

Ecological niche models, although historically employed for species distributions, provide a means for mapping community type given scant field observations (Deblauwe et al., 2008; Warren and Seifert, 2011). Maximum entropy approaches, like MaxEnt, have shown particular promise for delineating wetlands due to wetland positional correlation with climatic and topographic features (Hunter et al., 2012). MaxEnt is a non-parametric, presence-only background algorithm that compares occurrence localities against sample data to predict geographic suitability (Phillips et al., 2006; Phillips and Dudík, 2008; Phillips et al., 2017). It can discriminate among biotic and abiotic features determining wetland position without the repeated measurements demanded by most hydrological models. With extent delineated, managers can prioritize HAWs of high ecological quality using multi-criteria decision analyses (Lee et al., 2001; Bayliss et al., 2003). Such quantitative assessments increasingly buttress management decisions around Himalayan HAWs. 

Given the power of maximum entropy approaches and need for wetland characterization, I apply a maximum entropy model and patch-based ranking scheme to identify and prioritize HAWs for Ramsar designation. This research builds upon the Government of Sikkim’s effort to ratify three wetland “complexes” as Wetlands of International Importance (Islam and Rahmani, 2008). Chosen because of their overlap with state-defined Important Bird Areas (IBAs), the Government of Sikkim presented these sites to the Ramsar Secretariat with neither formal delineation nor adequate data on their historical ecology, cultural significance, or environmental management. My analysis addresses these gaps and justifies HAWs as potential Ramsar wetlands in the Eastern Himalayas. 

Specifically, I ask:

1) What is the area and extent of HAWs in the Sikkim Eastern Himalayas?
2) What are the biotic and abiotic characteristics of delineated systems?
3) Which HAWs are potential conservation priorities under Ramsar Convention criteria?
4) What policy mechanisms are in place buttressing Ramsar Convention objectives? 

2.	Materials & Methods

2.1 Site Description 

2.1.1. Sikkim Eastern Himalayas

The Sikkim Eastern Himalayas are a subset of the Himalayan Biodiversity Hotspot, a region containing over 1500 endemic vascular plants (>0.5% total plants) and experiencing significant transformation across 70% of its historical extent (Fig. 1; Allen et al., 2010; Hughes, 2017; Xing and Ree, 2017). Regional biodiversity is rooted in an orographically complex terrain that has been under monsoonal climate for c. 50 Ma (Spicer, 2017). Tectonic uplift during the late Pliocene transformed the region’s topography and stratified then-extant communities across Sikkim’s 8-km elevational gradient. Periods of long-term isolation and stability, beginning in the Paleogene but most significant in the Neogene and Quaternary, further impacted evolutionary processes (Qu et al., 2014; Chen et al., 2018). Of note, glaciers during the Pleistocene isolated populations, leading to bottlenecks during intra-glacial periods and gene flow during in inter-glacial periods (Wallis et al., 2016). This glacial history concurrently triggered the formation and evolution of extant HAWs (Li et al., 2014; Zhang et al., 2015; Shukla et al., 2018). Today, these systems are reported reservoirs of high-altitude biodiversity. Geopolitically, four United Nations (UN) member states border the Sikkim Eastern Himalayas: Bhutan, China (Tibetan Autonomous Region of China), India, and Nepal (see O’Neill et al., 2017). 

2.1.2. Thematic Cartography
Geographic and remote sensing analyses were performed in ArcGIS Pro (ESRI, 2018), ENVI (HGS, 2018), and Google Earth Engine (Gorelick et al., 2017). STATA was used for statistical evaluation (StataCorp, 2018). To reduce latitudinal biases resulting from meridian convergence toward the poles, I processed geospatial data in the Albers Equal Area North Conic (Asia) projected coordinate system. The spatial resolution of raster datasets (3 m) was determined by my fine-resolution DEM due to the influence of topography on wetland position (Tiner, 2016; see High Altitude Wetlands).

2.1.3	High-altitude Wetlands

HAWs were defined as areas of temporary or permanent saturation located between the tree line and permanent snow line. The tree line in the Sikkim Eastern Himalayas occurs along cool-temperate to sub-alpine ecotones (c. 3.0 km; Pandey et al., 2018). The permanent snow-line is reported between 4.877 km and 6.096 km asl (c. 6.0 km; Basnett et al., 2013). Given these boundaries, I modeled study boundaries using surface-corrected Aster GDEM V2 and Cartosat-2 DEMs for the geopolitical extent of Sikkim, India as defined by GADM 3.6 (Fig. 1; UCB, 2018). These DEMs capture different spatial and temporal features driven by season and climate. Glaciated terrain was masked using the Global Land Ice Measurements from Space database (Kargel et al., 2014). Separate models were developed for each DEM-specified extent, hereafter Model 1 (Aster GDEM V2) and Model 2 (Cartosat-2).

2.2. Modelling Wetland Area and Extent

2.2.1. Maximum Entropy Models (MaxEnt)
I modeled HAW area and extent using MaxEnt v. 3.2.4 (Phillips et al., 2017). MaxEnt is a machine learning algorithm that can model geographic distributions provided presence-only occurrence data and environmental predictor variables. The model iteratively computes the probability distribution of a response that maximizes entropy (i.e., closest to a uniform probability distribution), while meeting constraints specified by input predictor variables (Elith et al., 2011). Each cell value represents the sum of probabilities for all cells of lower or equal value compared to the probability of an individual cell (Deblauwe et al., 2008). 

2.2.2. Surveying High-altitude Wetlands
Over the past decade, the Government of Sikkim has geo-referenced 526 lacustrine and littoral wetlands within state boundaries (GoS, 2015). These features varied in size from 0.08 ha to 132.38 ha, with a median and mean area of 1.23 ha and 3.80 ha, respectively (standard deviation: 10.64 ha; Fig. 2). The highest density of these systems was reported within the Chombo Chu watershed along the Tibetan Plateau; 215 high-altitude waterbodies were reported within protected areas (Tambe et al., 2007). Hydrological data is limited from these systems (online Appendix). We utilized these data as MaxEnt occurrences for delineating HAWs. My model assumes that these presence-only locations are of equal type and quality, and that the environmental conditions at each point are approximately the same. 

2.2.3. Processing Environmental Predictor Variables
I considered 40 predictor variables pertaining to HAW climate and topography: (1) climate: annual mean temperature (C), mean diurnal range (C), isothermality (%), temperature seasonality (%), maximum temperature of warmest month (C), maximum temperature of coldest month (C), annual temperature range (C), mean temperature of wettest quarter (C), mean temperature of driest quarter (C), mean temperature of warmest quarter (C), mean temperature of coldest quarter (C), annual precipitation (mm), precipitation of wettest month (mm), precipitation of driest month (mm), precipitation seasonality (%), precipitation of wettest quarter (mm), precipitation of driest quarter (mm), precipitation of warmest quarter (mm), precipitation of coldest quarter (mm; WorldClim, 2018; O’Donnell and Ignizio, 2012); (2) topography: aspect (), curvature (0.01 z unit), elevation (m), landform, lithology, normalized difference wetness index, slope (), slope position, soil classification, soil bulk density (g/cm3), soil cation exchange capacity (meq/g), soil clay content (%), soil silt content (%), soil sand content (%), soil coarse fragment volume (cm3), soil organic carbon content (%), soil pH (H20, KCl), topographic position index (coarse, fine), topographic wetness index (Weiss, 2001; Gumbricht et al., 2017; ISRIC, 2018; Hartmann and Moosdorf, 2012; Boschetti et al., 2014). Topographic variables were generated using surface-corrected Aster GDEM V2 or Cartosat-2 products, and modeled against their respective DEM-defined extents (Fig. 1). I assumed that the surface-corrected DEMs were accurate as erroneous pits and canyons can affect wetland mapping, especially for depressional wetlands. 
I explored the strength and direction of association among environmental predictor variables using Pearson’s Product-moment Correlation Coefficient. When appropriate, highly correlated factors (r  0.70) were removed to reduce predictor autocorrelation and model bias. Spatial jackknifing, also known as geographically structured k-fold cross-validation, was then used to assess indirect, redundant, or irrelevant effects of remaining predictors (Radosavljevic and Anderson, 2014; Shcheglovitova and Anderson, 2013). Using k-1 spatial groups, separate models were calibrated and compared against each withheld group. In theory, these partial models segregate bias across geographic space, resulting in spatially independent evaluation data for model calibration (Boria et al., 2014). 

Based on statistical output, I chose the following environmental predictors for MaxEnt modelling:

1) Elevation: Topographic feature representing height values across an extent.

2) Slope: Topographic feature representing the maximum rate of change in elevation from an individual cell to its eight neighboring cells. In other words, slope identifies the steepest downhill descent from one cell to another. Lower slope values represent relatively flat terrain; higher slope values indicate comparatively steep terrain.

3) Aspect: Topographic feature identifying slope direction, namely the downslope direction of the maximum rate of change in elevation values from an individual cell to its eight neighboring cells. Values represent the cardinal direction that a cell faces measured clockwise from 0 to 360. Flat areas are assigned a value of -1. 

4) [bookmark: _Hlk5802033]Topographic Position Index (TPI): A continuous, topographic index that compares a cell’s elevation to the mean elevation of its neighboring cells. Positive TPI values represent locations that are higher elevation than the average of their surrounding cells; negative TPI values represent locations that lower than their surroundings (Weiss, 2001). Near-zero values signify areas of constant slope, such as plains. This scale-dependent phenomenon is defined by (Eq. 1):

Eq. 1.



Where scalefactor represents the outer radius in map units, irad represents the inner radius of annulus in cells (90 m2; 135 m2), and orad represents outer radius of annulus in cells (135 m2; 180 m2).

5) Landform: A discrete, topographic index that combines coarse and fine-scale TPI values to distinguish nested landforms. Landform values are standardized to scale by setting mean cell value to 1, and standard deviation to 1. Class breakpoints were optimized based on Weiss (2001).

6) Slope Position: A discrete, topographic index that thresholds TPI values into discrete, slope-position classes (Weiss, 2001). Scale-dependent, this index delineates relative ridge lines and valleys, including lateral drainage areas.

7) Transformed Wetness Index (TWI): A non-linear, normalized difference moisture index that leverages short-wave infrared (SWIR) bands from the Moderate-resolution Imaging Spectroradiometer (MODIS) to estimate soil moisture parameters (Gumbricht, 2016). To generate TWI, I composited a global annual time series of 16-day interval MODIS BRDF data in Google Earth Engine (MCD43A4; Dated: 15 October 2015 - 20 October 2018). Image-wise soil line (sl; Eq. 2) and wetness parameters (w; Eq. 3) were estimated as:

Eq. 2. 



Eq. 3. 



where, spectral bands are abbreviated as red (RL), near infrared (NIR), blue (BL), green (GL), short-wave infrared (SWIR). These data were then integrated into the TWI normalized difference algorithm, which applies a trigonometric scale to preserve rotation, and a recalling factor (R) and calibration factor (C) that account for non-linear reflectance mixing between soil and water (Eq. 4): 

Eq. 4.



where α is the iso-wetness line intercept with the soil line and  is the reference iso-wetness line slope. Scaling factors α (2080),  (-57) and γ (7000) were defined by Gumbricht (2016). TWI values ranged from -4300 for dry soils, 2000 for saturated, dark soils, and 3500 for deep, open water when the scaling factor is 5942. I then converted TWI to soil moisture (volume/volume) using the power function (Eq. 5):

Eq. 5.



TWI may over-estimate surface wetness for regions with dark surfaces, including basaltic outcrops and vertisols (Gumbricht, 2016). Moreover, it may underestimate soil moisture content in dense stands of reeds and grasses. Regarding source data, 16-day MODIS BRDF data represent cloud-free conditions, and may also bias data toward drier ground conditions. 

8) Normalized Difference Wetness Index (NDWI): A normalized difference moisture index that leverages spectral characteristics of water and vegetation, namely high GL reflectance and high NIR absorbance of water and high GL reflectance of vegetation, to detect surface moisture (Boschetti et al., 2014). Using the above MODIS time series, I calculated NDWI as (Eq. 6):

Eq. 6.


where, ρi and ρj represent spectral bands for visible (VIS; band 1) and SWIR (band 7), respectively, and NDWI values range from 0 to 1. NDWI values > 0 are assumed to represent water surfaces, while ≤ 0 are assumed non-water surfaces.

9) Isothermality (ISO): Climatic index quantifying daily temperature oscillations relative to annual temperature oscillations. A value of 100 indicates that the daily and annual temperature range is equivalent (Eq. 7): 

Eq. 7.


where, MDR represents the mean diurnal temperature range and ATR represents the annual temperature range.

10) [bookmark: _Hlk5799879]Precipitation Seasonality (PRS): Climatic index measuring variation in monthly precipitation totals within a year, or average of years. It a coefficient of variation calculated as the ratio of the standard deviation of monthly total precipitation to mean monthly total precipitation. Larger values represent greater variability of precipitation (Eq. 8):

Eq. 8.

where, SD represents standard deviation and T represents average monthly temperature for month n, and AP represents the annual precipitation for year i. 

11) Lithology: Geologic substrate of a given extent that is separate but connected to soil qualities and hydrology.

2.2.4. Rarifying Occurrence Points 
[bookmark: _Hlk5799973]Using SDMtoolbox, I spatially rarefied occurrence localities situated within a 10 to 20-km radius of each other based on climatic and topographic heterogeneity (Veloz, 2009; Hijmans, 2012; Brown, 2014). Such filtering reduces model overfit, or the state in which evaluation data correspond too closely with calibration data. Overfit models often fail to fit additional data or predict independent values. In cases of clustered localities, I retained the maximum number of occurrence points. If co-optimal solutions existed, I randomly selected one option. Regarding minimum filter distance, the 10-km minimum buffer was chosen because of its reported utility in areas high spatial heterogeneity, such as mountains (Perason et al., 2007; Anderson and Raza, 2010; Boria et al., 2014). After filtering, 42 localities remained in both models extents (Fig. 3). Withholding these localities, the remaining subset was used for sensitivity analysis (Fig. 4 and Fig. 5; Barbet-Massin et al., 2012; Phillips et al., 2009). 
2.2.5. Calibrating MaxEnt Model 
To determine optimal complexity, I modeled the potential area and extent of HAWs using a series of regularization multipliers (0.5. 1.0, 1.5, 2.0, 2.5, 3.0, 3.5, 4.0) and all available class types (linear, quadratic, product, threshold, and hinge). Regularization multipliers guard against model overfit by penalizing model output statistics for both the number and weight of input factors. Penalization occurs as a  parameter scaled to each predictor. Logistic output was selected; models were run for 50 iterations and output values averaged across runs. All other MaxEnt settings were left at their defaults.

2.2.6. Evaluating Model Performance
[bookmark: _Hlk5800651]I assessed model performance using threshold-independent and threshold-dependent measures. As a threshold-independent measure, area under the curve (AUC) of a receiver operating characteristic (ROC) quantified a model’s probability of correctly ordering or ranking a random occurrence locality higher than a random background pixel (Phillips et al., 2006). An AUC of 0.5 indicates a random relationship between the predicted and observed classes, while an AUC of 1.0 corresponds with a perfect prediction. Because higher AUC values denote better performance, model discrimination was thereafter categorized for Evaluation AUCs (AUCevl) as poor (AUCevl ≤ 0.7), acceptable (0.7 < AUCevl ≤ 0.8), excellent (0.8 < AUCevl ≤ 0.9), or outstanding (AUCevl > 0.9). While AUCevl reflects discriminatory ability, it does not directly quantify overfit (Peterson et al., 2008; Lobo et al., 2009). Model overfit was subsequently calculated as the difference between calibration (AUCcal) and evaluation AUCs, with the magnitude of difference representing the degree of overfit to noise and/or environmental bias (Guisan and Zimmermann, 2000). Smaller differences between AUCevl and AUCcal suggest a lower degree of overfit.

Model performance was then evaluated using threshold-dependent criteria. To do so, I transformed MaxEnt’s continuous probability output into a binary, presence-absence feature using the 10th percentile presence threshold (=10 percentile training omission threshold) and balance threshold (=balance training omission, predicted area, and threshold value). Under each rule, pixels valued ≥ each threshold were considered “suitable” locations for HAWs. The 10th percentile rule thresholds at the point which excludes 10 percent of localities exhibiting the lowest probability of occurrence. It constitutes a strict criterion (i.e., is less permissive) that, in ecological terms, maximizes the “best” or most probable locations for a feature of interest. Designed by MaxEnt developers, the balance threshold accommodates a greater portion of potential habitat (i.e., is more inclusive), including more fringe, marginal, or seasonal locations. Assessing output at these thresholds, therefore, dictates a balance of costs and risks. On one hand, the 10th percentile output may ensure the most “ideal” sites are identified or managed. On the other, the balance approach may ensure maximum habitat representation. In the context of HAWs, therefore, the 10th percentile output can be thought of as “core” or permanent extent, and the balance output as fringe, marginal, or seasonal extent that has a lower probability of permanent saturation. 

[bookmark: _Hlk5801005]Following model thresholding, confusion matrices were generated for each regularization output using the 484 withheld occurrences (Fielding and Bell 1997). Various evaluation metrices are reported in the literature; notwithstanding, I targeted off-diagonal elements of the confusion matrix, namely true positives (sensitivity) and false negatives (false negative fraction) due to the nature of MaxEnt inputs (i.e., presence-only data; Liu et al. 2005). For final model development, I interpreted an optimal regularization multiplier as that which: 1) reduced omission rates to the lowest observed values (or near it) and minimized the difference between AUCeval and AUCcal; 2) maximized or nearly maximal observed values for AUCeval; and, 3) increased model sensitivity and reduced false negative fraction across thresholds (Radosavljevic and Anderson, 2014). If more than one regularization multiplier fulfilled these criteria equally well, I chose the lowest one to promote discriminatory ability and counter underfitting. Using the best fit models, “core” and “marginal” wetland area estimates were averaged across respective thresholds. Pixels with probabilities greater than the “core” 10th percentile threshold were then joined into single polygons (i.e., “patches”) for each model for ecological evaluation (see Prioritizing Wetland Conservation).

2.2.7. Comparing Against Global Datasets
My results were compared against 13 spatial datasets offering global wetland area estimates (Table 2; Hu et al., 2017). In addition, national, state, and regional archives were reviewed for data on HAW area and extent (Table 1). Assessed reports leveraged remote sensing data and equate HAWs with exposed, glacial waterbodies. They do not directly account for vegetation, soil, or other wetland indicators (Tiner, 2016).

2.3 Reviewing High-altitude Wetland Ecology & Management
[bookmark: _Hlk5852240]I systematically reviewed regional species diversity, ecological characteristics, and conservation policies pertaining to delineated HAWs (Review Dates: August 2016 to December 2018). Search terms were selected to capture all available data on HAWs; the asterisk denoted a wildcard character that ensured plurals and alternative word endings were included: 1) geographic extent : Eastern Himalaya*, Sikkim, Sikhim; 2) wetland system : high-altitude wetland*, high altitude wetland*, HAW*, and lake name, based on occurrence dataset provided by the Government of Sikkim and consultation with experts (2015); 3) anglicized wetland suffix: chho, cho, chu, chhu, pokhari, pokri, taal, tsho, tso. During database searches, the Boolean operator ‘OR’ separated terms within each keyword ‘set’ (i.e., geographic extent, wetland system, and anglicized wetland suffix) and the operator ‘AND’ used to separate terms among sets, thus ensuring that searches returned references including at least one term from each set. In many cases, the surveyed databases could not accommodate all keyword terms; search strings were adapted as necessary. Where studies were reported in other languages, namely Hindi, Nepali, or Tibetan (Dejongke, or Bhutia), experts at the G. B. Pant National Institute of Himalayan Environment and Sustainable Development were consulted. 

The following digital databases were surveyed: Agricola (United States Department of Agriculture); Agris (Food and Agriculture Organization of the United Nations); East Himalayan Society for Spermatophyte Taxonomy; GoogleScholar; JSTOR; NELUMBO (Botanical Survey of India); PubMed; Project MUSE; SCOPUS; and, Web of Knowledge. I used the same criteria to assess archival records at the following institutions in Sikkim: Botanical Survey of India (Zero Point, Gangtok); G. B. Pant National Institute of Himalayan Environment and Sustainable Development, Sikkim Unit (Pangthang, Gangtok); Namgyal Institute of Tibetology (Deorali Gangtok); Central Library, Home Department, Government of Sikkim (Development Area, Gangtok); Sikkim University Central Library (6th Mile, Gangtok); and, Sikkim State Bioinformatics Institute (Tadong, Gangtok). Included articles specifically mentioned the scientific names of species and collection location at a geo-located high-altitude wetland. Maps available from Roy and Thapa (1998), the People’s Association for Himalaya Area Research (PAHAR; 2008), and the Indian Environmental Information System (GoS 2015) were used as place-name references. Wetland data and species-level reports were deposited at the Global Biodiversity Information Facility (online Appendix).






2.4 Prioritizing Potential Ramsar Wetlands
2.4.1	Establishing Conservation Indicators

Ramsar Wetlands of International Importance are defined by nine criteria divided into two groups: sites containing representative, rare or unique wetlands types (Group A); and, sites of international importance for conserving biological diversity (Group B). The Government of Sikkim previously applied for HAW Ramsar listings using both Group A and Group B criteria (Islam and Rahmani, 2008). However, the data underpinning these bids were largely qualitative and informed by non-expert officials in the Government of Sikkim whose data integrity have been questioned by UN programs (e.g., UNESCO, 2016). In the absence of systematic surveys, I leveraged four ecological indicators based on Geneletti (2004) to support conservation decision-making. These indicators were dimension, disturbance, isolation, and rarity. Wetland dimension (ha) was defined as wetland “core” area, or patch-area deprived of its outer belt, and disturbance (m) was estimated as the average distance from surrounding settlements and infrastructure. Isolation (%) was calculated as the relative density of littoral and lacustrine wetlands per unit area (ha). In context, this criterion reflects the importance of standing waterbodies for migratory bird habitat (see Prins and Namgail, 2017). Finally, average patch elevation was used as a proxy for rarity as defined by Geneletti (2004) due to its congruous relationship with biodiversity in the Eastern Himalayas (km; e.g., Acharya et al., 2011; Bhatt et al., 2012; Chettri et al. 2010; Oommen and Shanker, 2005; Vetaas and Grytnes, 2002).

2.4.2.	Ranking Conservation Priorities

I evaluated and prioritized MaxEnt-derived wetland patches > 50 ha following Geneletti (2004). To do so, I first standardized indicator measurements using both linear and nonlinear value functions. Linear functions represented indicator values on a scale of 0 to 1.0, and were either positively or negatively sloped depending on the factor of interest. Positive linear functions were modeled for dimension, disturbance, and isolation; a negative linear function was modeled for rarity. Non-linear functions were then developed based on surveys from alpine valleys and my systematic literature review (Geneletti, 2004). Rarity assumed a sigmoidal curve, isolation a positive logarithmic curve, and both disturbance and dimension assumed exponential curves. Following standardization, indicators were assigned weights to value management alternatives (Table 3). In the first set, I assigned equal weights to each indicator. The second and third sets allocated highest priority to either biotic or abiotic criteria, respectively, which resulted in six total assessments (online Appendix). With weights assigned, alternative values were calculated by first multiplying the valued indicator score by its weight, and then summing the weighted scores across factors (Fig. 6). This provided both an ordinal rank and performance score for delineated wetlands. I combined these six assessments using equal weights for both Model 1 and Model 2 output to determine wetland priorities (online Appendix).

3. Results

3.1. MaxEnt Model Performance
MaxEnt models exhibited excellent performance across regularization multipliers, indicating the strong predictive potential of output probability distributions. Models leveraging high regularization multipliers lowered both omission rates and model overfit (Fig. 4). Evaluative measures between models did not vary significantly. For final wetland area and extent estimates, I chose multiplier 1.5 due to its significant or notable influence on AUC, omission rates, and model sensitivity/false negative fraction relative to other multipliers. The AUC for multiplier value 1.5 averaged 0.87 ( 0.17) with mean omission rates ranging from 0.03 ( 0.19) to 0.21 ( 0.42) for balance and tenth-percentile thresholds, respectively (Fig. 4). At the balance threshold, model sensitivity approached 0.93 ( 0.04) with a false negative fraction of 0.07 ( 0.04). Model sensitivity at the tenth-percentile threshold was 0.77 ( 0.10) with a false negative fraction of 0.23 ( 0.10). Of 11 predictor variables used, slope, elevation, and slope position accounted for 75% of the model’s predictive power. These results emphasize the importance of local topographic features for determining HAW position.

3.2. Wetland Area & Extent
MaxEnt models suggest that HAWs occupy a core area of 69,430 ha in the Sikkim Eastern Himalayas, with marginal, fringe, and seasonal extents expanding outward to 170,700 ha (Fig. 3). Approximately 37% of modeled HAW extent occurs within existing protected areas in Sikkim, India (Table 4). Compared to previous estimates, my models capture fine-resolution wetland features that were unaccounted for in earlier studies (Table 1 and Table 2). 

3.3. Surveyed Literature
Literature review resulted in 129 records containing historical species occurrences from HAWs. The earliest of these was reported by Sir Richard Temple in 1881, followed shortly thereafter by H.H. Risley in 1893 (Temple, 1881; Risley, 1983). Both records described ecological features of these systems, including engraved images of their boundaries. However, it was not until the mid-1900s that biologists charted site-specific species occurrences. Based on reported methodologies, biological surveys from this point forward were primarily opportunistic as opposed to systematically designed or structured. Moreover, they rarely reported site attributes (i.e., date, coordinates, etc.), with many based solely on repeated herbarium review. Only one peer-reviewed article utilized systematic surveys to describe HAW biodiversity, reporting a Menhinick’s Index of 0.71 and a Shannon-Weiner Index of 0.51 from Tsomgo HAW (Agnihotri and Hussain, 2009). Reviewed records are attached in an online Appendix. 

3.4. Historical Species Records
I report 803 species representing 5 kingdoms, 172 families, and 377 genera from regional HAWs (online Appendix Table A2). The Kingdom Plantae was best represented in the literature, housing 76% of reviewed species. In comparison, Animalia (11%), Fungae (7%), Eubacteria (4%), and Chromista (2%) exhibited a relative dearth of records. Approximately 11% of all species were assessed by the IUCN Red List of Threatened Species. IUCN-reviewed bird, fungi, and plant populations appear stable (i.e., ‘Least Concern’ or ‘Near Threatened’) with the exception of the Jatamansi (Nardostachys jatamansi; Critically Endangered), Saker Falcon (Falco cherrug; Endangered), Black-necked Crane (Grus nigricollis; Vulnerable), Greater Spotted Eagle (Clanga clanga; Vulnerable), Mann’s Wood Rush (Luzula mannii; Vulnerable), and Wood Snipe (Gallinago nemoricola; Vulnerable). 

Within Plantae, angiosperms exhibited the greatest richness at 378 species. Approximately half of these were represented by four families, namely the Asteraceae (19 genera, 46 species), Rosaceae (13 genera, 42 species), Primulaceae (3 genera, 23 species), and Ranunculaceae (20 species). Surveyed monocots (9 genera, 104 species) were primarily classified within the Cyperaceae (3 genera, 30 species), Orchidaceae (12 genera, 18 species), Poaceae (11 genera, 18 species), and Juncaceae (2 genera, 14 species). Gymnosperms (3 species) hailed from two genera, namely Abies (Pinaceae) and Juniperus (Cupressaceae). In terms of non-vascular plants, Bryophytes (15 families, 24 genera, 35 species) and Ferns (7 families, 16 genera, 34 species) showed similar representation. Studies on algae and phytoplankton over the past two decades revealed an estimated richness of 157 species (20 families, 43 genera).

Regarding Animalia, the Class Aves was most surveyed with 66 reported species from 27 families. Reviewed studies indicate that migratory birds, like the Ruddy Shelduck (Tadorna ferruginea), Tufted Duck (Aythya fuligula), and Eurasian Widgeon (Mareca penelope), are reported less frequently than in previous decades. Several Artiodactyls were also reported from HAWs, including the Mountain Sheep (Argali; Ovis ammon), Himalayan Blue Sheep (Bharal; Pseudois nayaur), Tibetan Gazelle (Goa; Procapra picticaudata), and Kiang (Equus kiang), as well as the Sikkim Pika and Himalayan Vole. Domestic Dogs (Canis familiaris), Yak (Bos grunniens), and Rainbow and Brown Trout (Oncorhynchus mykiss; Salmo trutta, respectively) are considered naturalized, or integrated parts of, extant wetland communities. Among invertebrates, six species of crane-fly were reported by C. P. Alexander from collections in the late 1950s. Additionally, two reviewed animals have their only collection records from the Sikkim Eastern Himalaya, namely the Himalayan Earthworm (Plutellus himalayanus) and the Tsomgo Funnel Weaver (Tegnaria chhanguensis).

Although exploratory, available data indicate 11 families, 13 genera, and 19 species within Chromista occur in association with reviewed communities. Eubacteria exhibited similar diversity with 11 families, 16 genera, and 28 species reported in the literature.  Finally, 59 species within Fungae were recorded, the vast majority being foliose, fruticose, and sub-fruiticose lichens within the Parmeliaceae (25 speices, 17 genera).

3.5. Conservation Scenarios
Composite maps of the six conservation alternatives are depicted for both Model 1 and Model 2 extents (Fig. 6). Wetlands in the Tsho Lhamo Plateau rank highest among all potential Ramsar sites, with mid-priority wetlands extending eastward toward the Indo-Nepali border. This region contains half of the waterbodies identified as Important Bird Areas by the India Bird Conservation Network: Bombay Natural History Society, BirdLife International, and the Royal Society for the Protection of Birds (Islam and Rahmani, 2008). It is important to note that HAWs of highest ecological quality occur outside of existing protected areas. 

3.6. Policy Framework
India’s Ministry of Environment, Forest and Climate Change (MoEFCC) assumes primary authority over wetland resource management in the Sikkim Eastern Himalayas (Bassi et al., 2014). Notwithstanding, MoEFCC has largely abdicated enforcement activities over these systems to Sikkim’s Forests, Environment and Wildlife Management Department via the Wetlands Conservation and Management Rules of 2017. Under these rules, states are charged with delineating wetlands and ensuring activities meet Ramsar’s principle of “wise use.” State policies, therefore, have greatest immediate impact on HAW conservation and management in the Indian context. 

State wetland notifications have emphasized the cultural importance of HAWs for maintaining Sikkim’s cultural heritage. For example, The Places of Worship (Special Provision) Act (Notification 9/LAW/92; Dated: 6 November 1992) prohibits the conversion of any place of worship and provides for the maintenance of the religious character of sacred wetlands, including sites explicated in Notifications S2/HOME/98 (Dated: 24 September 1998) and 70/HOME/2001 (Dated: 20 September 2001). More recent policies have integrated Indigenous and local community leaders into site-specific management plans (e.g., No. 355/F, Dated: 31 July 2006; No. 10/HOME/2007, Dated: 9 February 2007). More formal attempts to codify wetland enforcement and jurisdiction were outlined in both the Sikkim Forests and Water Courses (Preservation and Protection Bill) of 2007 and Notification 347/GOS/FEWMD (Dated: 30 March 2016). Overall, state actions have integrated Indigenous and local perspectives into HAW management policies to ensure their wise and sustainable use. 

At the national level, HAWs are indirectly protecting pseveral legal mechanisms may apply to HAWs, such as: Indian Forest Act (1927), Wildlife (Protection) Act (1972), Water (Prevention and Control of Pollution) Act (1974), Forest (Conservation) Act (1980), Environmental (Protection) Act (1986), Wildlife (Protection) Amendment Act (1991), Biological Diversity Act (2002), and Scheduled Tribes and Other Traditional Forest Dwellers (recognition of Forest Rights) Act (2006). The laws do not explicitly mention HAWs, but serve as a framework for HAW resource management.

4. Discussion
In this article, I applied a maximum entropy model and patch-based ranking scheme to identify and prioritize HAWs for Ramsar designation. This approach included a systematic review of HAW species diversity, ecological qualities, and relevant conservation policies. Models indicated that HAWs occupy a greater area and extent than previously estimated. Not only are these systems ecologically diverse, providing habitat for over 800 species, but are also hydrologically dynamic through space and time. Over half of state-defined IBAs occurred within my highest-ranking patches; however, these patches and IBAs fall outside of existing protected areas. Based on policy analysis, India’s legal framework supports both HAW conservation and Ramsar-specific objectives. Notwithstanding, the application of Ramsar’s “wise use” principle remains opaque with room for broad interpretations (Ferrajolo 2011). Overall, this article highlights the utility of maximum entropy models and multi-criteria decision analyses for identifying conservation priorities in the Eastern Himalayas.

Throughout the Himalayas, nations have recognized HAWs as Wetlands of International Importance especially as waterfowl habitat. Two of India’s 27 Ramsar sites include the high-altitude lakes Chandra Taal (0.49 ha; Himachal Pradesh) and Tso Moriri (12,000 ha; Kashmir and Jammu). Similarly, Nepal recognizes three HAW Ramsar complexes, Phoksundo (494 ha; Karnali), Gosaikunda (1030 ha; Bagmati), and Gokyo (7,770 ha; Sagarmatha), and Bhutan recognizes the Gangtey Phobji complex (970 ha; Wangdue Phodrang). Northward, China has notified vast swaths of the Tibetan Plateau under the Convention, although these systems vary ecologically from those on southern Himalayan slopes. This international network of Ramsar sites conserves critical habitat for not only birds but also a wide variety of other threatened species. Recognizing the high-priority wetlands detailed in this article would further support this outcome.

Domestic tourism, waste management, and non-native species pose the most immediate threats to HAW communities in the Sikkim Eastern Himalayas. Sikkim draws significant revenue from eco-tourism, with domestic tourists (i.e., Indian nationals) constituting the vast majority of visitors. Domestic tourists are reported to have little sensitivity toward local practices around HAWs or the ecological communities of these systems (Tambe et al., 2008). These behaviors are exacerbated by limited communication among tourism stakeholders and tour operators, which has further facilitated waste management crises. Garbage overflow and human refuse from small-scale sanitary facilities plague HAWs, which have limited infrastructure to meet tourists’ needs. Moreover, wetland sedimentation from vehicular traffic, road construction, and military instillations have, in part, fragmented and degraded wetlands along the Indian-transboundary border (Islam and Rahmani, 2008). Decentralized management efforts, such as those detailed in No. 355/F, have partially reduced these impacts by empowering communities to enforce local codes of conduct and collect revenue from visitors. Finally, non-native species, particularly domestic dogs, threaten HAW biodiversity. Of note, military instillations dotting the transboundary border shelter semi-feral dog populations, which roam freely and hunt wildlife—including in protected areas. Concerns over illegal hunting, unsustainable resource harvest, and retaliatory killings are secondary to dogs, which directly prey on birds and small mammals and disturb soil horizons. The consequences of climate change on HAW integrity and function are poorly understood.

Future studies should develop systematic classification systems for Himalayan HAWs and establish long-term monitoring plots to quantify HAW transformation under global change. Classifications schemes, including those reviewed by Tiner (2016), Lewis (1983), or Wang et al. (2014), may serve as viable frameworks for delineating these systems beyond extents provided in this paper. Additionally, further sampling and taxonomic efforts should buttress the otherwise opportunistic, dated records which constitute the bulwark of available data. This article and others highlight a severe dearth of information regarding Eastern Himalayan species, including their population status as well as variation from within species to across landscapes. For example, a recent IUCN assessment found that 7.2% of the Eastern Himalaya’s 1073 freshwater taxa are threatened with extinction, with 5.4% assessed as Near Threatened (Allen et al., 2010). Many species were assessed as Data Deficient (31.3%), emphasizing the need for extensive new research into species taxonomy, distributions, and threats. It is critical that future records are georeferenced, dated, and supplied in centralized databased to maximize their utility. Strengthening citizen science initiatives could facilitate data gathering. 

In the future, cooperative conservation initiatives, like Ramsar programs, can foster transboundary partnerships among Himalayan nations. In the Eastern Himalayas, the Kangchenjunga Landscape exemplifies ways in which such partnerships can meet the needs, objectives, and values of Himalayan nations (Gurung et al. 2019). In the future, the Ramsar projects could be integrated into the Kangchenjunga Landscape Conservation and Development Initiative to meet conservation and security needs. For instance, Convention-mediated management plans could incentivize the demilitarization of contested border regions, such as the Chumbi Valley. Such regions contain vast stretches of isolated wetlands, which serve vital functions to high-altitude communities. This strategy could also incorporate other UN programs, like UNESCO, to preserve the biocultural heritage of Sikkim (see O’Neill 2017). HAW Ramsar wetlands can therefore maximize conservation of biological and cultural resources and minimize border disputes.

5. Conclusion
HAWs provide vital functions and services for the communities of South and Central Asia. The Convention on Wetlands, or Ramsar Convention, provides an international legal framework for conserving these resources. However, data from HAWs is often limited, which hinders state-bids for HAW inclusion as Ramsar Wetlands of International Importance. Maximum entropy models and patch-based ranking schemes provide a means for prioritizing HAWs of high-ecological quality based on wetland indicators. Such methods can quantitatively justify potential Ramsar sites to the Ramsar Secretariat. 
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Table 1.	State and national estimates of high-altitude wetland area in the Sikkim Eastern Himalayas


	Type
	Methods
	Classification
	Assessors / Surveyors
	Survey Year
	Wetland Count
	Estimated HAW Area (ha)

	Remote Sensing
	Normalized Difference Indices
	High-altitude Wetlands*
	SAC (2013)
	2008
	534
	3324

	
	
	Glacial Lakes
	Govindha Raj et al. (2013)
	2010
	320
	> 757

	
	
	
	Aggarwal et al. (2016)
	2011
	143
	> 1020

	
	
	
	Aggarwal et al. (2017)
	2013
	1104
	3050

	
	
	Glacial & High-altitude Lakes
	CWC (2016)
	2016
	34
	> 842

	
	
	
	Shukla et al. (2018)
	2017
	463
	2930

	Compilation
	Compiling Feature Datasets
	
	ICIMOD (2003, 2005)
	2003
	266
	2020

	Field
	GPS
	Lakes
	Government of Sikkim (2015)
	2015
	521
	2294















Table 2.	Global wetland database estimates of high-altitude wetland area
	

	Type
	Method
	Dataset
	Survey Year(s)
	Spatial Resolution
	Estimated High-altitude Wetland Area (ha)
	Literature Referenced

	Remote Sensing
	Supervised Classification
	BU-MODIS
	2000
	1-km
	536
	Friedl et al. (2002)

	
	
	GLCNMO2
	2008 ; 2013
	15 arc-seconds
	320 ; 22
	Tateishi et al. (2011, 2014)

	
	
	ICIMOD
	2000; 2010
	30-m
	327
	ICIMOD (2015)

	
	
	ORNL
	1985; 1995; 2005
	100-m
	1839; 1901; 1833
	Roy et al. (2016)

	
	Unsupervised Classification
	GLCC.I / DISCover
	1992-1993
	1-km
	0
	Loveland et al. (2000)

	
	
	GLC2000
	2000
	1-km
	72 144∗
	Bartholomé & Belward (2005)

	
	
	BaseVue 2013
	2013
	30-m
	16
	MDA (2017)

	Compilation
	Compiling Feature Datasets
	GLWD-3
	2004
	30 arc-seconds
	225
	Lehner & Döll (2004)

	Model
	Hydrological Simulation
 
	2016
	1-km
	12
	Hu et al. (2017)














Table 3.	Three sets of weights used in high-altitude wetland prioritization 

	
	 
	Weight Set Priority

	Criterion
	Biotic Criteria
	Abiotic Criteria
	Equal Priority

	Rarity
	0.5
	0.15
	0.25

	Isolation
	0.15
	0.3
	0.25

	Dimension
	0.2
	0.35
	0.25

	Exposure to Disturbance
	0.15
	0.2
	0.25


.	




























Table 4.	HAW area within existing protected areas in the Sikkim Eastern Himalaya

	 
	Site
	Year Established
	Site Area (ha)
	HAW Area (ha; % Site Area)

	Protected Area
	Khangchendzonga National Park
	2007
	178 400
	22430 (13%)

	
	Pangloakha Wildlife Sanctuary
	2000
	12 800
	1645 (13%)

	
	Barsey Rhododendron Sanctuary
	1996
	10 400
	0 (0%)

	
	Fambonglho Wildlife Sanctuary
	1984
	5176
	0 (0%)

	
	Shingba Rhododendron Sanctuary
	1992
	4300
	536 (13%)

	
	Maenam Wildlife Sanctuary
	1987
	3534
	60 (2%)

	
	Kyongnosla Alpine Sanctuary
	1992
	3100
	708 (23%)

	
	Kitam Bird Sanctuary
	2005
	600
	0 (0%)
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Figure 1.	Study extent of the Sikkim Eastern Himalayas, with reference to land area located between					the reported tree-line and permanent snowline (Left: Model 1, Aster GDEM V2; Right:					Model 2, Cartosat-2)
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Figure 2. 	Area-distribution relationships of lacustrine and littoral high-altitude wetlands in the			Sikkim Eastern Himalayas (n=526)
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Figure 3.	Extent of high-altitude wetlands in the Sikkim Eastern Himalayas (Top Panels: Model 1;			Bottom Panels: Model 2). Left frames depict MaxEnt output probability distributions, with		reference to wetland training points (blue). Right frames depict core and marginal HAW			extents.
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Figure 4.	Results of threshold-independent and threshold-dependent evaluations of MaxEnt				models: (a) evaluation AUC (AUCevl); (b) calibration AUC (AUCcal) minus AUCevl; (c)			omission rate using the balance training omission, predicted area and threshold value, and,			(d) omission rate using the 10th percentile presence threshold. Square markers represent			Model 1 output; round markers represent Model 2 output. 
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Figure 5.	Frequency distribution of probabilities predicted by MaxEnt models. The light-gray line			represents all probabilities predicted by MaxEnt, while the dark-gray line represents MaxEnt		probabilities at known wetland localities (n=484). The solid triangle represents the balance		decision threshold, while the hollow triangle represents the 10th percentile decision				threshold. Cases to the left of each cut-off represent false negatives. Sliding a threshold one		way or the other controls the model’s rate of false positives and false negatives.
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[bookmark: _GoBack]Figure 6. 	Composite map of six equally weighted conservation scenarios, with left panel representing Model 1, and right panel representing			Model 2. Left: Model 1; Right: Model 
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