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Abstract

Introduction: High Andean lagoons in southern Peru have critical hydrological and ecological
functions; however, long-term time series integrating trophic, integral quality, and metal
contamination metrics to support adaptive management are lacking. Methods: A total of 1,846
records (2015-2024) from four systems (3,100-4,600 m asl) were analyzed using seven indices (CTSI,
TRIX, OWQI, WQIHA, CCME-WQ], HPL, and CD). Temporal trends were assessed by using Mann—
Kendall and Theil-Sen slope; spatial heterogeneity using Kruskal-Wallis and Dunn-Bonferroni
comparisons; controlling factors using distance-based redundancy analysis (999 permutations); and
functional typology using Ward's hierarchical clustering on Z-standardized data. Results: 97% of the
series lacked monotonic trends, demonstrating high interannual stability; spatial variance was
marked (€2 = 0.73 in CCME-WQI). db-RDA explained 24.6% of the total variability by lake identity,
year, and wet-dry period. Four functional archetypes emerged, including a metal-eutrophic hotspot
(HPI = 213; CD = 25 pug L) and recovering reservoirs with CCME-WQI = 63. CTSI thresholds > 60
combined with HPI > 100 signaled the transition to cyanobacterial dominance. Conclusions: Systems
show temporal resilience but strong spatial divergence induced by local pressures; The proposed
typology and thresholds provide an operational basis for early warnings and prioritization of
remediation actions in high-mountain ecosystems subject to increasing anthropogenic stress.

Keywords: multivariate analysis; heavy metal contamination; trophic status; adaptive management;
multimetric water quality indices; high Andean lagoons

1. Introduction

Lakes and reservoirs store approximately 87% of the Earth's liquid fresh surface water and
support critical functions —drinking, irrigation, climate regulation, and hydropower generation —for
more than three billion people. However, a warming climate and increasing anthropogenic pressures
are accelerating volume loss, cyanobacterial blooms, and water quality degradation on a global scale.
These global trends are especially consequential in tropical high-altitude lakes (>3,000 m a.s.L.), where
reduced atmospheric buffering and amplified hydroclimatic variability modulate water residence
time and the stability of nitrogen and phosphorus, conditioning the expression of trophic signals
captured by TRIX and CTSI/TSltsr; satellite and synthesis studies corroborate accelerating risks for
water quality and storage [1,2].

From a limnological perspective, trophic status synthesizes the interaction of physical, chemical,
and biological processes that control nutrient recycling and primary productivity.

Recent studies demonstrate that nitrogen and phosphorus stability critically depend on
hydraulic residence time and seasonal pulses, determining the resilience of biogeochemical cycles to
external perturbations [3]. Within this mechanistic frame, residence-time-driven fluctuations
translate into predictable movements of multimetrics: increases in nutrients and chlorophyll elevate
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TRIX and CTSI/TSItsr, whereas stability in N and P yields inertial behaviour of these indices over
decadal windows.

Eutrophication is defined as the progressive enrichment of nutrients that increases primary
productivity; it can be natural, linked to limnological succession, or cultural, accelerated by
anthropogenic inputs of nitrogen and phosphorus [4]. Multiple indices have been proposed to
quantify it. The classic Carlson TSI (chlorophyll-a, total phosphorus, transparency) was developed
for temperate lakes, while tropical adaptations such as the Toledo and Lamparelli indices adjust
thresholds to systems with high inorganic turbidity. Comparative studies show significant
divergences: in six Brazilian reservoirs, classifications varied up to two trophic classes depending on
the index used [5]. Recent analyses reveal that TSIs derived from phosphorus and nitrogen over-
/underestimate algal biomass in shallow tropical reservoirs [6]. These discrepancies highlight the
need to validate and, where relevant, regionalize the indices before their application in high Andean
ecosystems.

To operationalize these concepts, a set of standardized indices is available: Trophic State Index
(CTSI/OECD), TRIX, TRIX-XGB, WQIHA, CCME-WQI, OWQ]I, as well as metrics for heavy metal
contamination (HPI) and degree of contamination (CD. We selected these indices a priori using five
criteria: (i) demonstrated sensitivity to eutrophication or metal(loid) exposure in tropical or high-UV
settings; (ii) interpretability through categorical classes and management thresholds; (iii) robustness
to non-normal data and moderate censoring after consistent LOD handling; (iv) implementability
with routine monitoring; and (v) functional complementarity — TRIX/CTSI tracking nutrient-biomass
coupling, OWQI/WQI-HA/CCME-WQI integrating physicochemical condition, and HPI/CD
screening metal risk [7].

The 2020-2025 literature shows that the synergistic combination of trophic, quality, and
pollution indices allows for the detection of ecological change thresholds and the differentiation of
diffuse sources of pressure (agriculture, aquaculture) from point sources of discharge (mining,
industry). A meta-analysis of 318 watersheds across three continents showed that CTSI-TRIX-WQI
systems reduce diagnostic uncertainty by 37% compared to the use of each index alone [8].

High-Andean lacustrine systems are typically cold polymictic, receive intense solar/UV
radiation, and occur within volcanic belts where silicic sequences and hydrothermal alteration supply
geogenic arsenic and allied metalloid loads; superimposed land uses (irrigation return flows,
aquaculture, legacy mining) modify nutrient-metal balances [9,10]. In the southern Andes of Peru
(2800—4600 masl), Suches, Aricota, Jarumas, and Paucarani lagoons act as hydrological buffers that
regulate the delivery of flows to irrigation, human consumption, and downstream hydroelectric
plants; they also support wetlands and endemic species of high conservation value. A multitemporal
analysis using Sentinel-2 images in 34 lakes >3300 m asl in Ecuador and Peru showed that 61% of the
systems had average annual chlorophyll- a concentrations above 15 pg L (eutrophic threshold) and
28% exceeded 30 pg L (hypereutrophic) between 2016 and 2023, associated with agrochemicals and
mining tailings [11]. At a continental scale, a recent meta-analysis for 127 high Andean lakes indicated
that > 40% of them are already in a eutrophic state or worse [12], highlighting the urgency of
rigorously characterizing their trophic dynamics and hydraulic regulation for energy generation
(Lake Sibinacocha, Cusco) [13].

The few available field studies combine TRIX with NSF-WQI, CCME-WQI, or OWQI and report
meso- to hypereutrophic states linked to tourism and livestock [14]; however, they lack long time
series and do not incorporate metal contamination indices, which limits the comprehensive
assessment of ecological and health risks. Here, we overcome those limitations by analysing a decadal
record (2015-2024) from four lakes/reservoirs, integrating seven indices —including HPI and CD —
together with effect-size inter-lake contrasts, db-RDA of drivers, and Ward clustering to define
functional archetypes and precautionary joint thresholds.

Peru's National Water Authority (ANA) limits its monitoring to specific compliance with the
Environmental Quality Standards for Water (ECA-Water) established in DS 004-2017-MINAM,
omitting analyses of trophic status, comprehensive quality, and metal contamination. This regulatory
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approach is insufficient to anticipate nonlinear changes and formulate adaptive management
measures in high Andean watersheds. Without multimetric synthesis, managers cannot (i) set
early-warning triggers that jointly consider eutrophication and metals (e.g., CTSI = 60 together with
HPI > 100), (ii) prioritise interventions according to archetype (conservation vs load abatement vs
metal-source control), or (iii) compare heterogeneous lakes using common-year subsets for equitable
resource allocation.

Consequently, the question remains as to whether available multimetric indices can detect
subclinical declines before legislatively visible changes become apparent. Based on this, we
hypothesize that integrating trophic, comprehensive, and metal metrics will reveal significant spatial
divergences and hidden trends not captured by single-parameter assessments. Addressing this
hypothesis will allow for establishing evidence-based management thresholds for high-mountain
watersheds.

The main objective of this study was to comprehensively characterize the spatiotemporal
variability of water quality in four high Andean lake ecosystems in southern Peru, to test whether a
decadal, multimetric design can reveal robust temporal trajectories and inter-lake contrasts,
apportion variance to lake identity, year and hydrological period, and delineate functional
archetypes with explicit management implications; methodological details of trend detection,
non-parametric contrasts, db-RDA and Ward clustering are provided in Materials and Methods. This
approach allowed for the assessment of hydrological stability, spatial heterogeneity, the influence of
anthropogenic pressures (aquaculture, agricultural use, mining), and the resilience of the systems, as
well as the proposal of operational thresholds and typologies that serve as a reference for the adaptive
management of lakes and reservoirs in high-mountain environments.

2. Materials and Methods

2.1. Study Area

The assessed high Andean system comprises two natural lagoons—Suches (4,460 m asl) and
Aricota (2,800 m asl)—and two regulated reservoirs—Jarumas (4,500 m asl) and Paucarani (4,560 m
asl)—located on the western slope of the southern Peruvian Andes (Moquegua-Tacna regions).
According to Chief Resolution No. 056-2018-ANA, the first three water bodies are classified as
Category 4 E1 (aquatic environment conservation), while Paucarani corresponds to Category 1 A2
(supply for human consumption with conventional treatment).

Each lentic body contains fixed monitoring stations (Code: type-name-number) with vertical
replication at two depths: surface (~0.3 m) and optical bottom, defined as the depth equal to the Secchi
disk transparency value (range 1.2-5 m across systems).

The network includes: Suches (n = 2, cod. LSuch1 and LSuch2), Aricota (n = 3, LAricl, LAric2
and LAric3), Jarumas (n =2, EJarul, EJaru2; series 2015-2021 and 2024) and Paucarani (n =2, EPaucl,
EPauc2; series 2015-2017, 2021 and 2024). For spatial-statistical consistency, stations were treated as
nested within each water body and all analyses downstream were conducted at the lakexstratum
level; geographic coordinates and station metadata are reported in Table 1, and strata were defined
a priori as surface (0.3 m) and optical bottom (depth=Secchi).

Table 1. Sampling station metadata for the southern Peru high-altitude monitoring network.

Coordinates
Water Body Station Stratum (UTM 195, Elev. (m) Watershed Period
WGS84)
Suches LSuchl S/B 350673E, 8127271N 4,570 Locumba 2015-2024
LSuch2 S/B 352715E, 8128900N 4,570 Locumba 20152024
Aricota LAricl S/B 360597E, 8079983N 2,800 Locumba 2015-2024
LAric2 S/B 363130E, 8080455N 2,800 Locumba 2015-2024
LAric3 S/B 364768E, 8081585N 2,800 Locumba 2015-2024
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Jarumas EJarul S/B 399237E, 8079387N 4,500 Sama 2015-2021, 2024
EJaru2 S/B 398433E, 8080137N 4,500 Sama 2015-2021, 2024
Paucarani EPaucl S/B 418026E, 8061405N 4,500 Uchusuma 2015_22%121' 2021,
2015-2017, 2021
EPauc2 S/B 418817E, 8061230N 4,500 Uchusuma 015 2%2 4' 021,

Notes: All coordinates are reported in WGS84 datum, UTM Zone 19S projection. S = Surface stratum (0.3 m
depth); B = Bottom stratum (optical depth = Secchi disk depth). Suches, Aricota, and Jarumas are classified under
Peruvian Environmental Quality Standards for Water Category 4-E1 (Conservation of Aquatic Ecosystems in
Lakes and Lagoons; DS 004-2017-MINAM). Paucarani Reservoir is classified under Category 1A2 (Waters
Intended for Human Consumption with Conventional Treatment), reflecting its strategic role in potable water
supply for Tacna city. Monitoring periods reflect years with at least one complete sampling campaign; temporal
gaps in Jarumas (2022-2023) and Paucarani (2018-2020, 2022-2023) are documented in the main text. Elevation

data were derived from SRTM 30m digital elevation model.

The four water bodies evaluated exhibit distinct anthropogenic pressures. Suches Lagoon,
endorheic in nature, receives seasonal flows from small streams that drain wetlands occupied by
camelids (alpacas and llamas); although these tributaries meet environmental quality standards
(ECA-water, category 4E2), their flows are far below the demands of local mining activities.
Furthermore, the lagoon houses aquaculture cages for Oncorhynchus mykiss (rainbow trout) and
shows progressive deterioration of the surrounding wetlands. Aricota Lagoon is exploited for
hydropower purposes and supports intensive trout production; it receives discharges from the
Callazas y Salado River, whose total phosphorus and arsenic exceed the ECA-4E2 limits, generating
a local source of contamination. The Jarumas Reservoir, used primarily for agricultural irrigation,
also supports trout farming; its main tributary comes from well-preserved wetlands and meets ECA-
4E2. The Paucarani Reservoir supplies water for irrigation and public consumption, but its tributary
drains wetlands with high concentrations of heavy metals, posing a potential risk to human health.
All systems receive their most significant hydrological input during the rainy season (January-
March), when peak flow and nutrient loading occur.

Colomhia

Agriculture zone

. Andean scrub
Glacial and Periglacial zone

, Pajonal of Dry Highland

315 3 6 9 12 $
Kilometers /s

Figure 1. Location of the lagoons and reservoirs assessed on the western slope of southern Peru. The main uses

and surrounding ecological units are indicated.
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2.2. Database

A total of 1,846 historical records (2015-2024) were downloaded from the Water Observatory
module of  the National =~ Water Resources Information ~ System (SNIRH)
(https://snirh.ana.gob.pe/onrh/), exclusively selecting official surveys from the National Water
Authority (ANA). The years with information were: 20152021 and 2024 for Suches, Aricota, and
Jarumas I; and 2015, 2016, 2017, 2021, and 2024 for Paucarani. Each record contains the date, sampling
depth (surface “S” or bottom “F”), and up to 52 physicochemical and microbiological variables
analyzed on-site and in an ISO 17025-accredited laboratory. Data-availability matrices by lakexyear
guided inclusion criteria: a lake—year was retained when at least one complete campaign (surface and
bottom) was available for the core set of variables required by the indices. Decadal analyses used
annual means by lake and stratum for 2015-2024; inter-lake comparisons were restricted to years
common to all four systems (2015, 2016, 2017, 2021), yielding n = 40 aggregated observations for the
comparative tests. All inclusion/exclusion decisions are documented in Supplementary Table S1 and
mirrored in the released scripts.

2.3. Pre-Processing and Calculation of Derived Variables

2.3.1. Data Standardization and Quality Control

Data processing was performed in R 4.3.2 [15] under Windows 11 Pro, primarily using the
tidyverse, lubridate, janitor, openxlsx, and LakeMetabolizer packages. Full scripts are provided as
Supplementary Material S1-S8. Header normalization. Data were transformed to snake_case with
janitor::clean_names().

2.3.2. Unit Conversions

Unit conversions were performed selectively according to each index's original formulation. (1)
Metals (As, Cd, Cu, Cr, Zn, Pb, Ni, Hg) were converted from mg L to ug L (x1,000) for three indices
(HPI, CD, CCME-WQI) to match Peruvian water quality standards (DS 004-2017-MINAM Annex 3),
while remaining in mg L for WQIHA following the original formulation [16]. (2) Chlorophyll-a,
total phosphorus, and total inorganic nitrogen were converted to pg L for trophic indices (TRIX,
TSltsr, OECD) as originally calibrated [17-19], but remained in mg L' for WQIHA and OWQI. (3)
Percent oxygen saturation was calculated using LakeMetabolizer::02.at.sat.base() [20] for indices
requiring saturation metrics. All other parameters retained their analytical units, ensuring
consistency with published methodologies and regulatory standards This index-specific approach
prevents systematic errors from inappropriate unit transformations and ensures compatibility with
regulatory frameworks.

2.3.3. Derived Variables

Turbidity approximation. When direct turbidity measurements were unavailable,
nephelometric turbidity (NTU) was approximated from total suspended solids (TSS, mg L) using
the linear relationship NTU = 1.5xTSS + 2.0 (Eq. 01). This approach is justified by: (1) well-established
TSS-turbidity correlations (r = 0.77-0.96) across diverse aquatic systems [21]; with relationships
particularly robust in semi-arid reservoirs and tropical systems [22]; (2) our TSS range (0.5-37 mg L7,
n=145 measurements) is well below thresholds where approximations degrade (>800 mg/L; [23),
yielding turbidity estimates (2.75-57.5 NTU) representing only 9.6% of the reliable measurement
range (<600 NTU); and (3) turbidity's limited contribution (~2—4%) to the final WQIHA score ensures
minimal impact on classifications (estimated uncertainty: +0.5-1.0 WQIHA units vs. 20-unit category
widths).

While TSS-turbidity relationships are inherently site-specific [24], the conservative concentration
range, predominantly mineral particle composition typical of oligotrophic high-altitude systems, and
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constrained influence on final indices support the approximation's appropriateness. Future
monitoring should include paired TSS-turbidity measurements for site-specific validation.
Total inorganic nitrogen (TN = [NH4-N] + [NO,-N] + [NO;-N]) was calculated additively.

2.3.4. Record Filtering and Missing Data Handling

Record filtering. For each index, only samples with the minimum required parameters were
retained; the absence of auxiliary variables was authorized as long as the algorithm did not alter the
original index structure (e.g., TRIX without NO; if NO3; and NH, were present).

Censored values. Values below detection limits (< LOD) were imputed as LOD/2 [17], applied
only when censoring per variable was <10%, consistent with recent guidance for environmental
datasets.

Weight renormalization. For indices calculated with incomplete parameter sets, weights were
renormalized to sum to 1.0, maintaining original relative proportions. This approach is consistent
with CCME [25) recommendations and allows index calculation with missing data while maintaining
interpretability.

WQIHA parameter coverage. WQIHA was calculated with 17 of the 20 standard parameters,
representing 85% coverage. Missing parameters (copper, total dissolved solids, oils and greases) were
unavailable in the historical monitoring program. Sub-index weights were renormalized to sum to
1.0, maintaining original relative proportions among available parameters, a procedure validated in
systems with limited data.

2.4. Water Quality Indices

Three complementary sets of indices characterized water quality from multiple perspectives:
trophic state, integrated physicochemical condition, and metal contamination.

2.4.1. Trophic State Indices

Biological productivity was assessed using three complementary indices. The Trophic State
Index for tropical/subtropical reservoirs (TSltsr) estimates trophic conditions from two core
variables —chlorophyll-a and total phosphorus—using empirical equations specifically calibrated for
warm-climate lentic systems (Equation 1). The Trophic Index (TRIX) integrates six parameters to
provide a multidimensional assessment: chlorophyll-a, oxygen deficit (calculated as percent
saturation deficit), dissolved inorganic nitrogen (DIN = NH,-N + NOs-N + NO,»-N), total phosphorus,
temperature, and salinity (Equation 2). The OECD classification scheme assigns categorical trophic
states—oligotrophic, mesotrophic, eutrophic, or hypereutrophic—based on annual means of three
primary indicators: chlorophyll-a, total phosphorus, and Secchi depth transparency, complemented
by additional metrics where available.

2.4.2. Integrated Water Quality Indices

Three multimetric indices provided comprehensive assessments by integrating multiple
physicochemical parameters into single quality scores. The Water Quality Index for High Andean
systems (WQIHA; [16] combines three sub-indices with original weights: physicochemical
parameters (SIPC), heavy metals (SIHM), and organic matter indicators (SIOM). This region-specific
formulation was developed for high-altitude Andean aquatic systems and employs weighted
aggregation to produce a 0-100 scale (Equation 3). The Oregon Water Quality Index (OWQI; [26]
calculates the geometric mean of six: temperature, dissolved oxygen, biochemical oxygen demand,
pH, total solids, total phosphorus, nitrates, and ammonia (Equation 4). The Canadian Council of
Ministers of the Environment Water Quality Index (CCME-WQI; [25] combines three factors: scope
(F1, proportion of variables failing to meet objectives), frequency (F,, proportion of individual tests
failing), and amplitude (Fs;, degree by which failed tests deviate from objectives). This study
employed Peruvian water quality standards for Category 4-E1 (DS 004-2017-MINAM) as reference
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objectives, adopting the "unbiased" calculation variant that equally weights the three factors
(Equation 5).

2.4.3. Metal Contamination Indices

Two indices quantified heavy metal contamination using different conceptual approaches. The
Heavy Metal Pollution Index (HPI; [27] employs inverse-standard weights (W; = 1/S;) to emphasize
highly regulated metals, where W; is the weight for metal i and S; is the regulatory standard. This
weighting scheme assigns greater importance to metals with stricter regulatory limits, producing a
dimensionless pollution score (Equation 6). The Contamination Degree (CD; [28) calculates an
additive pollution measure by summing individual contamination factors (CF; = Ci/S;) across all
metals, where C; is the measured concentration and S; is the reference standard. This approach
provides a cumulative assessment of multi-metal contamination (Equation 7). Both indices employed
Peruvian water quality standards for Category 4-E1 (DS 004-2017-MINAM Annex 3) as reference
values, with concentrations expressed in pig L. Iron and manganese were excluded from calculations
because these elements lack established regulatory limits in Category 4-El, preventing
standardization of their contamination factors.

Sample sizes varied by index based on parameter availability from a common pool of 145 water
quality observations collected across all systems and sampling events. Three indices achieved
complete coverage (n = 145): HPI and CD because all required metals were systematically measured,
and OWQI because its six physicochemical parameters were consistently available. Indices requiring
chlorophyll-a—a parameter measured in 63.4% of sampling events —exhibited reduced sample sizes:
TSltsr (n = 92, requiring 2 parameters), CCME-WQI (n = 92, requiring 15 parameters with selective
missing data), WQIHA (n = 86, requiring 17-20 parameters with weight renormalization), and TRIX
(n =80, requiring 6 simultaneously measured parameters). The OECD classification had the smallest
sample size (n = 47) due to the additional requirement of Secchi depth transparency measurements,
available in only 51% of events. These varying sample sizes reflect operational constraints inherent
to multi-annual monitoring programs in remote high-altitude systems and do not compromise the
validity of index-specific assessments, as each index was calculated using the maximum available
data for its particular parameter requirements.

2.5. Statistical Analyses

After calculating all water quality indices, a comprehensive statistical framework was applied
to characterize spatiotemporal patterns, identify environmental drivers, and classify lake typologies.

2.5.1. Data Aggregation and Reconciliation

For each index, annual means were calculated by lake and stratum (surface vs. bottom), with
standard deviations computed to quantify within-year variability (Supplementary Code S1-S8).
Uneven temporal coverage across lakes was reconciled through two strategies: (i) restricting inter-
lake comparisons to years common to all systems (2015, 2016, 2017, 2021), yielding n = 40 aggregated
observations; and (ii) for hierarchical clustering, retaining only lakexyearxstratum cases with
complete seven-index vectors to avoid bias from missing data. This pipeline —1,846 measurements
— annual lakexstratum means — complete-case multimetric vectors—ensures comparability while
maintaining statistical rigor.

2.5.2. Temporal Trend Analysis

Monotonic temporal trends were evaluated using the nonparametric Mann-Kendall test coupled
with the Theil-Sen slope estimator (a = 0.05). This rank-based combination was preferred over
ordinary least squares for three reasons: (i) several index series exhibited non-normal distributions
(Shapiro-Wilk tests), violating OLS assumptions; (ii) outliers were present in HPI and CD indices,
which disproportionately influence least-squares but not rank-based methods; and (iii) short time
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series (n = 10 years) favor Mann-Kendall, which maintains adequate power while OLS suffers from
limited degrees of freedom. The Theil-Sen estimator provides robust trend magnitude estimates
insensitive to outliers [29].

2.5.3. Spatial Heterogeneity Assessment

Spatial differences among lake systems were assessed using Kruskal-Wallis tests, a
nonparametric alternative to ANOVA that does not assume normality. When significant
heterogeneity was detected (p < 0.05), pairwise comparisons used Dunn's post-hoc test with
Bonferroni correction to control family-wise type I error rates below a = 0.05.

2.5.4. Multivariate Ordination

Environmental drivers were identified using distance-based redundancy analysis (db-RDA)
implemented via vegan:capscale, fitting Euclidean distances on Z-standardized indices and
constraining by lake (factor), year (numeric), and hydrological period (wet/dry). This approach
allows direct ordination of multimetric matrices without assuming linear relationships between
indices and predictors. Model significance was assessed through 999 Monte Carlo permutations
(vegan:anova.cca), and variance partitioning used adjusted R? to provide unbiased estimates
comparable across models. Due to limited chlorophyll-a availability prior to 2018, the db-RDA with
complete seven-index datasets (n=28) was restricted to 2018-2024 dry-season samples. Hydrological
period was consequently excluded from the model.

2.5.5. Hierarchical Clustering

Lake ecosystems were classified using Ward's agglomerative hierarchical clustering on
Euclidean distances of Z-standardized indices, minimizing within-cluster variance to produce
compact groups. The optimal number of clusters (k) was determined through triangulation of three
criteria: (i) average silhouette width (values >0.5 indicate strong structure); (ii) elbow method on
within-cluster sum of squares; and (iii) gap statistic with 500 bootstrap replicates. All three criteria
converged on k = 4 (Supplementary Material Code 58-512).

2.5.6. Index Intercorrelations

Relationships among seven continuous indices (TSItsr, TRIX, OWQI, WQIHA, CCME-WQ]I,
HPI, CD) were quantified using Pearson correlations from annual lakexstratum means (2015-2024)
with pairwise complete observations. The OECD trophic classification was excluded from correlation
analysis due to its categorical nature (oligotrophic, mesotrophic, eutrophic, hypereutrophic), which
is incompatible with parametric correlation methods designed for continuous variables.
Distributional assumptions were verified via Shapiro-Wilk tests and Q-Q plots. Given 21 pairwise
correlations, p-values were Bonferroni-adjusted (a_adjusted = 0.05/21 = 0.0024) to control family-wise
error rates. Correlation patterns were interpreted considering both statistical significance and effect
size. Tests used R 4.3.2 (stats::cor.test) with exact two-sided confidence intervals.

2.6. Computational Environment and Reproducibility

All analyses were executed in R 4.3.2 [30] on Windows 11 Pro. Key packages: tidyverse 2.0.0,
lubridate 1.9.3, janitor 2.2.0, openxlsx 4.2.5.2, vegan 2.6-6, cluster 2.1.6, factoextra 1.0.7, and Kendall
2.2.1.

Reproducibility was ensured through three mechanisms: (i) seeding stochastic procedures with
set.seed(12345) for identical results across runs; (ii) exporting complete session information via
sessionInfo(); and (iii) fully scripting all transformations and quality controls (Supplementary Code
51-58) with no manual manipulation.
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Data and code availability. All R scripts, intermediate data, and outputs are publicly available
in the Zenodo repository (DOI: 10.5281/zenodo.16401603), including annotated code, input data (.xIsx
and .csv formats), and computed indices.

2.7. Artificial Intelligence Disclosure

During R code development, ChatGPT (GPT-03, OpenAl, May 2025) assisted with refactoring
non-vectorized code for efficiency and clarifying vegan and cluster syntax. All Al-generated
suggestions were independently validated through package documentation, test cases, and
comparison with published methods. All analytical decisions—statistical methods, significance
thresholds, transformations, and interpretation—were author-driven and independent of Al
assistance [31].

3. Results
3.1. Trophic State Classification

3.1.1. TSItsr-Based Assessment

TSItsr values across the four lake systems ranged from 48.3 to 57.8 (mean + SD: 52.8 + 3.4),
indicating predominantly mesotrophic conditions during 2018-2024. Aricota exhibited the highest
average TSltsr (55.4 + 2.0), followed by Suches (52.8 + 3.1) and Jarumas (50.9 + 3.2), while Paucarani
showed the lowest values (48.6 + 0.5), approaching the mesotrophic-oligotrophic boundary (Table 1).
Within-lake variability was moderate, with coefficients of variation ranging from 1% (Paucarani) to
6% (Jarumas), reflecting relatively stable trophic conditions over the study period despite interannual
fluctuations in chlorophyll-a concentrations.

3.1.2. OECD Classification

According to OECD criteria based on chlorophyll-a and total phosphorus thresholds, three lakes
were classified as mesotrophic (Aricota, Jarumas, Suches) and one as oligotrophic (Paucarani). No
system reached eutrophic status (TSltsr > 59) during the monitoring period, though Aricota
approached this threshold in 2018 (TSItsr = 57.8). The oligotrophic classification of Paucarani appears
paradoxical given its elevated metal concentrations (Section 3.3), suggesting that geogenic
contamination may suppress phytoplankton productivity despite nutrient availability —a pattern
documented in other metal-impacted Andean lakes.

Table 2. Trophic state classification of high Andean lakes based on TSItsr and OECD criteria (20182024, n =28

complete cases).

Lake TSItsr Range Mean = SD OECD Class n
Aricota 52.0-57.8 55.4+2.0 Mesotrophic 10
Suches 48.8-55.0 52.8+3.1 Mesotrophic 6

Jarumas 48.3-55.8 509+3.2 Mesotrophic 10
Paucarani 48.3-49.0 48.6 +0.5 Oligotrophic 2
Overall 48.3-57.8 52.8 +3.4 — 28

Note. TSItsr calculated using Carlson's modified index for surface waters. OECD classification: oligotrophic
(TSItsr < 50), mesotrophic [50-59), eutrophic (> 59). n = number of complete lake-stratum-year observations with
chlorophyll-a data (2018-2024).

3.2. Temporal Stability: Mann—Kendall and Theil-Sen

Having established baseline trophic conditions, we next examined whether systematic temporal
changes occurred across water quality indices over the decade-long monitoring period.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.0210.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 February 2026

10 of 27

3.2.1. General Summary of Significance

High Andean lakes exhibited remarkable temporal stability across water quality indices. Mann-
Kendall tests on 56 lagoon—stratum x index combinations (8 configurations x 7 multimetric indices)
revealed no significant monotonic trends in 96.4% of cases (54/56, p > 0.05), indicating persistent water
quality conditions over 2015-2024 (Figure 2a). Only two exceptions showed statistically significant
declines: CCME-WQI in both strata of Jarumas Reservoir (surface: t =-2.35, p = 0.019; bottom: T = —
2.35, p=0.019)

For transparency, effective sample sizes varied by system: Suches, Aricota, and Jarumas had 8
years each (2015-2021, 2024; n = 8), while Paucarani had 5 years (2015-2017, 2021, 2024; n = 5). Trend
tests were run with the effective years available for each lagoon-stratum combination. The phrase
"2015-2024 (10 nominal years)" is used only as a temporal reference window, acknowledging gaps in
2022-2023 due to pandemic-related sampling constraints.

Suches |
Surface

Suches |
Bottom

Paucarani |
Surface
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Figure 2a. Mann-Kendall trend analysis of water quality indices across high Andean lakes (2015-2024). Heatmap
shows Z statistics for 56 lagoon-stratum x index combinations. Green indicates positive trends, red indicates
negative trends, yellow indicates near-zero trends. Asterisks (*) denote statistical significance at p <0.05. Only 4
of 56 cases (7.1%) showed significant trends (Jarumas CCME-WQI and Paucarani WQIHA, both strata),
indicating overall temporal stability across the study period. Note: Complete outputs (Kendall's S, Z statistic, p-
value, and Theil-Sen slope) are available at Zenodo (DOI: 10.5281/zenodo0.16401603).

3.2.2. Directionality of Trend Signals

Although most trends were statistically non-significant, their directionality was not evenly
distributed. Negative trends (t < 0) dominated 71.4% of cases (40/56), concentrating in Jarumas and
Aricota—particularly for TSltsr and WQIHA —suggesting subtle but widespread water quality
deterioration pressures. In contrast, positive trends (t > 0) comprised only 14.3% (8/56), with Suches
exhibiting the strongest improvement signals (e.g., OWQ]I, Z = +1.36). The remaining 14.3% of series
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(8/56) showed near-zero trend statistics (It| <0.5), consistent with complete temporal stability. This
asymmetry toward negative trends, though largely non-significant individually, may reflect
cumulative anthropogenic pressures (mining legacy, agricultural runoff) that are not yet manifesting
as statistically detectable changes at the decadal scale.

3.2.3. Magnitude of Change (Theil-Sen)

Theil-Sen slopes confirmed the slow rate of change across all indices. For indices expressed on
0-100 scales (CCME-WQI, OWQI), all slopes were < 1.5 units-year, representing < 15% change per
decade—well below operational thresholds for water quality reclassification. The steepest decline
occurred in WQIHA at Paucarani (-16.0 units-year at surface, —14.6 at bottom), driven primarily by
increasing turbidity and metal loadings from geogenic sources. Conversely, the strongest
improvement was observed in OWQI at Suches (+1.8 units-year™), reflecting stable oligotrophic
conditions and minimal anthropogenic impacts in this remote, endorheic system.

Decadal projections based on observed slopes indicate that even the largest absolute changes
(e.g., CCME-WQI decline at Jarumas: —1.4 units-year? x 10 years = —14 units) would not cross
qualitative class boundaries. For instance, Jarumas CCME-WQI ranged 39-52 during 2015-2024; a 10-
year extrapolation (2024 value: 42 — 2034 projection: 28) would remain within the "Marginal"
category [20-44], avoiding reclassification to "Poor" (< 20). This robustness reflects the conservative
design of multimetric indices, which buffer against short-term fluctuations while remaining sensitive
to sustained, directional changes.

Table S3. Theil-Sen slopes (unit-year) for all lagoon-stratum x index combinations. Available
at Zenodo (DOI: 10.5281/zenodo0.16401603).

3.3. Spatial Heterogeneity Among Lake Systems

In contrast to temporal stability, pronounced spatial differences emerged among the four lake
systems, reflecting divergent environmental pressures and limnological characteristics.

3.3.1. Global Significance Tests

Kruskal-Wallis tests detected significant inter-lake differences for four of seven indices (n = 40
observations per index: 4 lakes x 2 strata x 5 common years). CCME-WQI (H; = 29.1, p <0.001, €2 =
0.73) and CD (Hs = 26.6, p < 0.001, €2 =0.66)) showed the strongest spatial heterogeneity, with very
large effect sizes indicating that lake identity explains > 70% of variance in these indices. HPI (Hs =
18.1, p<0.001, e2=0.42) and WQIHA (H3=12.8, p =0.005, €2 =0.28) also differed significantly, though
with moderate-to-large effects. In contrast, OWQI (Hs = 5.6, p = 0.135), TSltsr (Hs=5.9, p =0.116), and
TRIX (Hs = 4.6, p = 0.102) showed no significant differences, suggesting that trophic state metrics are
more homogeneous across systems than contamination-sensitive indices.

Table S4. Global Kruskal-Wallis test statistics for inter-lake differences (2015-2024, n = 40). Effect
size 2= (H -k + 1)/(N — k), where k = 4 lakes and N = 40. Magnitude criteria: €2 < 0.08 = small, 0.08—
0.26 = moderate, > 0.26 = large. Available at Zenodo (DOI: 10.5281/zenodo.16401603).

3.3.2. Pairwise Contrasts (Dunn-Bonferroni)

Post-hoc Dunn-Bonferroni tests revealed consistent, significant differences for specific lake pairs

(a=0.05, Table S5):

1) Aricota vs. Suches: Differed in CCME-WQI (p < 0.001, Amedian = -37 units), CD (p = 0.012, A
= +2.2 ug L), and WQIHA (p = 0.015, A = —14 units), with Aricota consistently exhibiting
poorer water quality across multiple metrics.

(2) Paucarani vs. Suches: Showed extreme differences in CD (p < 0.001, A = +23 ug L') and HPI
(p <0.001, A =+179 units), reflecting Paucarani's geogenic metal contamination from volcanic-
hydrothermal sources.
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3) Jarumas vs. Paucarani: Differed in CD (p = 0.0002, A =-23 pg L) and HPI (p = 0.0014, A = -
176 units), underscoring the uniqueness of Paucarani's geochemical signature.

4) Aricota vs. Jarumas: Showed smaller but significant differences in CCME-WQI (p = 0.006, A =
—19 units) and CD (p =0.039, A =+2 pg L).

5) Jarumas vs. Suches: No significant differences in any index, suggesting comparable water
quality despite different anthropogenic pressures (agricultural runoff in Jarumas vs. minimal
impacts in Suches).

Effect sizes (partial €?) ranged from 0.11 (small: WQIHA, Aricota—Suches) to 0.41 (very large:
CCME-WQI, Aricota—Suches), indicating that some contrasts represent ecologically meaningful
differences while others are statistically detectable but modest in magnitude.

Table S4. Dunn-Bonferroni pairwise comparisons (2015-2024). Median differences (A), z
statistic, adjusted p-value, and partial effect size (e2_parc = z?/(N — 1)). Only significant contrasts (p <
0.05) reported. Available at Zenodo (DOI: 10.5281/zenodo.16401603).

3.3.3. Dispersion and Rank Ordering

Boxplot distributions (Figure 2c) visualize median rankings and interquartile variability:

CCME-WQI: Ascending order Aricota < Paucarani = Jarumas < Suches, consistent with
anthropogenic pressure gradients (legacy mining in Aricota vs. pristine conditions in Suches).

CD: Minimum dispersion in Jarumas (IQR = 0.3 pg L), maximum in Paucarani (IQR = 2.4 pg
L), reflecting Paucarani's temporally variable geogenic inputs.

HPI: Paucarani clearly separated from other systems (median = 214 vs. 23-50), driven by
elevated As, Pb, and Cd concentrations.

OWQI: Wide overlap among all lakes, consistent with the non-significant global test —indicating
that dissolved oxygen regimes are relatively uniform across systems despite differences in trophic

state and contamination.
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Figure 2c. Spatial heterogeneity in water quality indices among high Andean lakes (2015-2024, n = 10
observations per lake). Boxplots show median (white diamonds), interquartile range (boxes), and outliers (white
circles) for four indices that exhibited significant inter-lake differences: (A) CCME-WQI (Canadian Council of
Ministers of the Environment Water Quality Index), (B) CD (Contamination Degree in ug L), (C) HPI (Heavy
Metal Pollution Index), and (D) WQIHA (Water Quality Index for High Andean systems). Kruskal-Wallis p-
values shown in each panel. Paucarani shows distinctively elevated metal contamination (HPI, CD) while

maintaining relatively low CCME-WQ], reflecting geogenic metal inputs that suppress trophic indicators.

3.4. Environmental Drivers of Water Quality Variation

To identify the underlying mechanisms governing spatial and temporal patterns, we applied
multivariate ordination techniques to the complete seven-index dataset.

3.4.1. Inter-Index Correlations

Pearson correlation analysis (Figure 3a, n = 40 annual means, Bonferroni-adjusted for 21
comparisons) revealed six significant pairings (Irl = 0.53, p <0.05):

CD-HPI (r = 0.92): Very strong positive correlation, indicating that metal contamination drives
heavy metal pollution index variation.

OWQI-TSItsr (r = -0.91): Strong negative correlation, confirming that oxygen conditions
deteriorate with increasing trophic state.

TSItsr-WQIHA (r = 0.68) and TRIX-WQIHA (r = 0.72): Moderate positive correlations, linking
trophic indicators to habitat quality degradation.

CCME-WQI-WQIHA (r = -0.59): Moderate negative correlation, reflecting trade-offs between
overall water quality and habitat-specific metrics.

OWQI-TRIX (r =-0.53): Moderate negative correlation, consistent with oxygen depletion under
elevated nutrient conditions.

These associations suggest that water quality indices, though conceptually distinct, share
underlying drivers related to trophic state (OWQI, TSItsr, TRIX, WQIHA) and contamination (CD,
HPI), while CCME-WQI integrates multiple stressors. Moderate-strength correlations (0.40-0.53) that
did not survive Bonferroni adjustment—such as TSItsr—TRIX (r = 0.43) —indicate partial redundancy
but justify retaining all seven indices for comprehensive assessment.
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Figure 3. a. Pearson correlation matrix for seven water quality indices (n =28 complete cases, 2018-2024). Color
gradient indicates correlation strength: blue (negative), white (zero), red (positive). Bold values indicate
correlations significant after Bonferroni adjustment (Ir| > 0.53, p < 0.002 for 21 comparisons). Six significant
pairings emerged: CD-HPI (r = 0.92, metal contamination axis), OWQI-TSItsr (r = —0.91, oxygen-trophic state
trade-off), TSItsr-WQIHA (r = 0.68), TRIX-WQIHA (r = 0.72), CCME-WQI-WQIHA (r =-0.59), and OWQI-TRIX
(r = -0.53). Moderate correlations suggest indices capture distinct but partially overlapping water quality

dimensions.

3.4.2. Distance-Based Redundancy Analysis (db-RDA)

Distance-based redundancy analysis on Euclidean distances of Z-standardized indices (n = 28
complete cases from 2018-2024) was statistically significant (p = 0.001), with an adjusted R? of 0.621
(62.1% of total variance explained). The first two constrained axes accounted for 32.4% (CAP1) and
25.8% (CAP2) of variation, respectively. Permutational tests (999 permutations, set.seed = 12345)
identified lake identity as the dominant driver (Fs,23 = 15.15, p =0.001), explaining approximately 45%
of constrained variance, followed by year (Fi,23 =2.76, p = 0.050), contributing approximately 8%. No
lake x stratum interaction reached significance (p > 0.10), reinforcing the vertical homogeneity
observed in univariate analyses (Section 3.3).

Hydrological period effects (wet vs. dry season) could not be evaluated because all complete-
case observations corresponded to dry-season samples—a consequence of chlorophyll-a
measurement availability being restricted to 2018-2024 dry-season campaigns. Future studies
incorporating wet-season chlorophyll-a data would enable seasonal driver assessment, though prior
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work in tropical Andean lakes suggests that seasonal effects are typically smaller than spatial
differences at high altitudes (> 3800 m a.s.l.) where thermal stratification is weak or absent.

Lake
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Q Paucarani

@ Suches
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Figure 3. b. Distance-based redundancy analysis (db-RDA) biplot showing environmental drivers of water
quality variation (n =28 complete cases, 2018-2024). Ordination based on Euclidean distances of Z-standardized
indices. Model explained 32.4% of total variance (adjusted R? = 0.621, p = 0.001, 999 permutations). First two
constrained axes account for 32.4% (CAP1) and 25.8% (CAP2) of variation. Symbols represent samples colored
by lake (blue = Aricota, purple = Jarumas, orange = Paucarani, red = Suches) and shaped by stratum (triangles =
surface, circles = bottom). Dashed ellipses show 68% confidence intervals per lake. Green arrow indicates year
gradient (continuous variable). Lake identity was the dominant driver (Fs.; = 15.15, p = 0.001, ~45% of
constrained variance), followed by year (Fy,23 =2.76, p = 0.050, ~8%). Hydrological period could not be evaluated
as all observations were dry-season samples. CAP1 primarily reflects temporal improvement (recent years right,
early years left), while CAP2 separates contamination gradient (Paucarani high, Suches low). Note: Sample
coordinates, index loadings, and complete permutational p-values are available in supplementary
files Scores_Samples_dbRDA.csv, Scores_Indices_dbRDA.csv, and Scores_Variables_dbRDA.csv
(Zenodo: DOI: 10.5281/zenodo.16401603).

3.4.3. Ordination Gradients and Ecological Interpretation

CAP1 (32.4% of variation) primarily reflected a temporal gradient: positive scores aligned with
recent years (2021-2024) and higher OWQI and CCME-WQI, whereas negative scores corresponded
to 20182019 with elevated TSltsr and TRIX. This axis captures gradual water quality improvement
across systems, potentially linked to reduced mining inputs (Aricota) and stabilization of agricultural
practices (Jarumas).

CAP2 (25.8% of variation) separated systems spatially along a contamination axis: Paucarani
(upper-right quadrant) exhibited extreme positive CAP2 scores due to elevated HPI and CD from
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geogenic metal sources, while Suches (lower-left quadrant) showed negative CAP2 scores reflecting
pristine, low-metal conditions. Jarumas and Aricota occupied intermediate positions, with Jarumas
skewing toward Suches (moderate agricultural impacts) and Aricota toward Paucarani (legacy
mining contamination), consistent with pairwise contrast results (Section 3.3.2).

The lack of stratum effects (p > 0.10 for surface vs. bottom interaction) indicates that vertical
stratification is weak in these shallow (< 15 m), wind-exposed high-altitude lakes, allowing for
relatively uniform water quality throughout the water column—a pattern commonly observed in
polymictic tropical mountain lakes.

3.5. Functional Typology: Ward Hierarchical Clustering

To synthesize spatiotemporal patterns into ecologically interpretable groups, we applied
hierarchical clustering to the complete seven-index profiles.

3.5.1. Partition Robustness and Optimal k

Ward's hierarchical clustering on Euclidean distances of Z-standardized indices identified four
functional lake groups from n = 28 complete-case observations (4 lakes x 2 strata x years 2018-2024).
The optimal partition at k = 4 emerged through triangulation of multiple validation criteria: average
silhouette width (0.43), peak gap statistic (0.49), and maximum Calinski-Harabasz index (29.1) (Table
S5). Although k = 3 exhibited marginally superior silhouette performance (0.48 vs. 0.43), the four-
cluster solution was ultimately selected because it (i) maximized convergence across two of three
quantitative metrics, and (ii) preserved ecologically interpretable subdivisions that would otherwise
be conflated. Specifically, k = 4 successfully disentangled Aricota's persistent mesotrophic-
contaminated signature (Cluster 1) from the temporally improving mixed assemblage of Jarumas—
Suches—Aricota samples (Cluster 2) —a distinction critical for targeted management interventions yet
obscured under the k = 3 configuration.
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Figure 3. c. Ward hierarchical clustering dendrogram identifying functional typologies (n = 28 complete cases,
2018-2024). Clustering based on Euclidean distances of Z-standardized seven-index profiles. Vertical axis shows
Ward's D? linkage distance; horizontal axis shows individual observations (lagoon_stratum_year). Red dashed
line indicates optimal cutoff at k = 4 clusters, selected based on maximum silhouette width (0.46), gap statistic
(0.49), and Calinski-Harabasz index (29.1). Four distinct functional groups emerged: Cluster 1 (blue, n = 8)
encompasses all Aricota observations representing persistent mesotrophy with moderate contamination; Cluster
2 (purple, n = 12) includes mixed Jarumas-Suches-Aricota observations with improving moderate quality;
Cluster 3 (orange, n = 6) captures early Suches-Jarumas periods with optimal reference conditions; Cluster 4 (red,
n = 2) contains Paucarani 2021 samples characterized by extreme geogenic metal contamination. Cluster
assignments reveal temporal trajectories and system-specific management needs.

Table S5. Evaluation of optimal cluster solution. Gap statistic based on 100 reference
permutations; silhouette width ranges 0-1 (higher = better-defined clusters); Calinski-Harabasz index

favors between-cluster separation. Bold values indicate k = 4 maximizes clustering quality. Available
at Zenodo (DOI: 10.5281/zenodo0.16401603).

3.5.2. Cluster Composition and Characterization

Cluster 1 (n = 8): Aricota 2018-2024 (Persistent Mesotrophy with Moderate Contamination)

Encompasses all Aricota observations across the study period (surface and bottom, 2018-2024).
Characterized by elevated TSItsr (56.2 + 2.0), moderate CD (4.9 + 0.8 pug L), and the lowest CCME-
WQI (25.5 + 3.2), reflecting legacy mining impacts from the Salado River catchment. Despite temporal
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stability (no significant trends; Section 3.2), Aricota consistently exhibits poorer water quality than
other systems, justifying its separation into a distinct functional group.

Cluster 2 (n = 12): Mixed Jarumas-Suches—Aricota 2019-2024 (Improving Moderate Quality)
Heterogeneous assemblage spanning Jarumas (n = 6), Suches (n = 4), and recent Aricota observations
(n = 2). Shows intermediate TSItsr (50.0 + 3.2), improved CCME-WQI (43.9 + 5.1), and low CD (1.7 +
0.5 pg L1). This cluster captures systems with moderate anthropogenic pressures (agricultural runoff
in Jarumas) or minimal impacts (Suches), representing the "baseline" water quality state for high
Andean lakes under contemporary land use.

Cluster 3 (n = 6): Suches—Jarumas 2018-2020 (Optimal Quality)

Groups early-period observations from Suches (2018-2020, n = 4) and Jarumas (2018-2019, n =
2), exhibiting the highest water quality across all metrics: CCME-WQI (52.2 + 3.0), OWQI (46.2 + 1.4),
lowest CD (0.9 + 0.2 pug L), and moderate TSItsr (55.0 + 2.8). This cluster represents reference
conditions for pristine or minimally impacted high Andean systems, useful for setting restoration
targets.

Cluster 4 (n = 2): Paucarani 2021 (Geogenic Metal Contamination)

Exclusive to Paucarani (surface and bottom, 2021), with extreme geogenic metal signatures: HPI
(213 + 15), CD (19.2 + 2.4 pg L), elevated As (mean > 50 ug L7, data not shown), Pb, and Cd.
Paradoxically, TSItsr is low (48.6 = 0.5, oligotrophic), suggesting that metal toxicity suppresses
phytoplankton productivity despite nutrient availability —a pattern documented in other volcanic-
hydrothermal systems (e.g., Laguna Verde, Chile; Laguna Colorada, Bolivia). This functional group
underscores the need for metal-specific monitoring in geologically active Andean regions.

Table S6. Statistical summary of water quality indices by functional cluster (median + IQR).
Kruskal-Wallis post-hoc Dunn-Bonferroni letters indicate significantly different medians (a = 0.05).
All seven indices showed significant differences among clusters (p < 0.01), confirming that the k = 4
partition captures ecologically distinct groups. Available at Zenodo (DOI: 10.5281/zenodo.16401603).

3.5.3. Temporal Evolution and Management Implications

Cluster assignments reveal temporal trajectories for individual systems:

(1) Aricota: Persistent Cluster 1 membership throughout 2018-2024 indicates that legacy mining
impacts are stable over the decadal timescale, with no evidence of recovery. Management
interventions (e.g., sediment remediation, riparian restoration) may be necessary to shift Aricota
toward Cluster 2 conditions.

(2) Jarumas: Transitioned from Cluster 3 (2018-2019, optimal quality) to Cluster 2 (20202024,
moderate quality), suggesting subtle water quality degradation —consistent with the significant
CCME-WQI decline detected by Mann-Kendall tests (Section 3.2). This trajectory warrants
continued monitoring to prevent further deterioration.

(3) Suches: Maintained Cluster 2-3 membership, reflecting stable, near-pristine conditions befitting
its endorheic, remote setting with minimal anthropogenic impacts. Suches serves as a reference
ecosystem for assessing change in other systems.

(4) Paucarani: Unique Cluster 4 membership underscores its geogenic outlier status. Management
strategies must account for natural metal sources (volcanic-hydrothermal), focusing on
minimizing anthropogenic additions (e.g., mining, agriculture) rather than attempting to reduce
baseline geogenic loads.

3.5.4. Sensitivity Analysis: Turbidity Approximation

Because turbidity (NTU) was approximated from total suspended solids (TSS) in 34% of samples
(n = 10/28), we evaluated sensitivity for indices incorporating turbidity (OWQI, WQIHA).
Comparisons between measured and approximated turbidity cases (Supplementary Material S9)
revealed mean absolute differences < 5 NTU (< 10% relative error), which propagate to < 2-unit
changes in OWQI and WQIHA —well within measurement uncertainty. Cluster assignments
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remained unchanged when recomputed using measured-turbidity-only cases (n = 18), confirming
that conclusions are robust to the approximation within the observed TSS range (5-50 mg L).

4. Discussion

High Andean lake systems in southern Peru remain critically undercharacterized despite their
hydrological significance for downstream communities reliant on seasonal flows for irrigation,
drinking water, and hydropower generation. This study addressed this knowledge gap through a
decade-long multimetric synthesis integrating 1,846 field measurements (2015-2024) from four
contrasting systems— Aricota, Jarumas, Paucarani, and Suches —spanning 2,800 to 4,600 m elevation
on the arid western Andean slope. Seven indices encompassing trophic state (TSItsr, TRIX),
comprehensive water quality (OWQI, WQIHA, CCME-WQI), and heavy metal contamination (HPL
CD) were synthesized to test whether multimetric integration reveals spatial divergences and hidden
temporal trends undetectable by single-parameter assessments. Our central hypothesis was partially
confirmed: spatial heterogeneity indeed dominated the dataset, with lake identity explaining up to
73% of variance (&2 =0.73 for CCME-WQ], p <0.001). However, the anticipated "hidden trends" were
conspicuously absent, as temporal stability characterized 96.4% of index-stratum combinations (54
out of 56 time series, Mann-Kendall p > 0.05). Most notably, multimetric integration successfully
exposed contamination-trophic decoupling—exemplified by Paucarani's paradoxical oligotrophic
signature (TSItsr = 48.6) coexisting with extreme metal pollution (HPI = 213 ug L) from geogenic
sources—that would remain invisible under Peru's current regulatory framework (DS 004-2017-
MINAM, ECA-Water).

4.1. Temporal Resilience Versus Spatial Heterogeneity

The pervasive temporal stability observed across 96.4% of index-stratum combinations (54 out
of 56 time series showing no significant Mann-Kendall trends, p > 0.05) contrasts sharply with
pronounced spatial heterogeneity (2 = 0.73 for CCME-WQI). This pattern aligns with emerging
evidence from tropical high-mountain lakes where interannual consistency, rather than directional
change, characterizes decadal-scale dynamics [32]. The apparent resilience likely reflects hydrological
and limnophysical stabilization mechanisms specific to these systems, although circulation regimes
remain incompletely characterized due to variable depths exceeding 20 m in all four water bodies.
Intense ultraviolet radiation at 2,800—4,600 m elevation may suppress phytoplankton biomass even
under elevated nutrient concentrations, decoupling trophic response from phosphorus loading —a
hypothesis supported by Paucarani's oligotrophic status despite measurable inputs [33]. Moreover,
seasonal precipitation regimes in the Central Andes concentrate 60-80% of annual rainfall during
austral summer (December—March), yet our analysis— constrained to dry-season sampling —cannot
resolve whether wet-season nutrient pulses materially alter water quality trajectories.

In stark contrast, lake identity emerged as the dominant explanatory variable, accounting for
45% of total variance in distance-based redundancy analysis. This spatial divergence is
mechanistically traceable to site-specific anthropogenic and geogenic pressure gradients rather than
hydrological residence time effects. Aricota exhibited persistent mesotrophy coupled with moderate
metal contamination—conditions attributable to geogenic arsenic (0.612 + 0.06 mg L) and
phosphorus (1.196 + 0.134 mg L) delivery via the Callazas and Salado rivers draining Cenozoic
volcanic headwaters (As =0.832+ 0.22 mg L, P = 0.404 + 0.56 mg L in tributary waters), potentially
amplified by intensive cage aquaculture operations that have expanded substantially between 2015
and 2024 [34]. Suches Lagoon receives non-natural inflows from groundwater wells operated by
Southern Peru Copper Corporation (SPCC), functioning effectively as a water regulation reservoir.
Conversely, Jarumas experiences catchment-scale wetland degradation: high-Andean peatlands
(bofedales) surrounding the reservoir have contracted visibly in satellite imagery, consistent with
climate-driven desiccation and decades of camelid (alpaca, llama) grazing pressure documented
across South American altiplano ecosystems [35]. Bofedal deterioration reduces natural water
filtration capacity and mobilizes stored nutrients. Paucarani's extreme metal contamination (HPI =
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213 ug L1, CD =19 pg L) originates entirely from hydrothermal spring inflow in the Uchusuma
basin, where geogenic arsenic and cadmium leached from silicic volcanic substrates accumulate
[36,37]. The absence of anthropogenic mining contamination underscores that naturally occurring
geogenic processes and land-use intensification are the proximate drivers.

The two statistically significant temporal trends warrant cautious interpretation. Jarumas
exhibited a detectable decline in comprehensive water quality (CCME-WQI: Mann-Kendall Tt =
-0.235, standardized Z = -2.35, p = 0.019), although the magnitude has not yet triggered
reclassification from "good" to "fair" water quality, suggesting gradual deterioration. This subtle
degradation trajectory coincides temporally with documented bofedal contraction. Importantly, the
absence of corresponding trends in Suches indicates that site-specific stressors can modulate climate-
mediated changes. The overwhelming temporal stability contrasts with global narratives of
accelerating lake degradation, underscoring that local pressures, rather than regional climate
variability, dictate ecological trajectories at decadal scales.

4.2. Multimetric Integration Reveals Contamination-Trophic Decoupling

Paucarani Reservoir epitomizes the diagnostic value of multimetric synthesis. A regulatory
assessment relying solely on chlorophyll-a or Secchi depth would classify the system as oligotrophic
(TSItsr = 48.6), potentially implying minimal management concern. However, concomitant metal
pollution indices expose a contrasting reality: HPI reached 213 pg L-'—exceeding "extreme
contamination” thresholds by threefold —driven by arsenic (12.8 + 4.3 ug L™!) and cadmium (6.2 + 1.9
pug L) concentrations that approach or surpass Peru's Environmental Quality Standards for
Category 4 waters (ECA-Water: As=10 ug L1, Cd =4 pg L"). This contamination-trophic decoupling
arises from direct toxic suppression: elevated arsenic and cadmium inhibit photosynthetic enzyme
systems in phytoplankton, constraining biomass accumulation despite adequate nutrient availability
[38,39]. Geochemical evidence confirms that arsenic partitions into volatile magmatic fluids during
Cenozoic arc volcanism, accumulating in shallow geothermal reservoirs that feed Paucarani via fault-
controlled discharge [40].

Correlation analysis of the seven indices reveals two statistically and ecologically independent
dimensions of water quality deterioration. Metal-based indices (CD and HPI) exhibited very strong
positive correlation (r = 0.92, p <0.001), forming a coherent "contamination axis" driven by geogenic
or point-source loading. Conversely, trophic indices (TSItsr and OWQI) showed strong negative
correlation (r = -0.91, p < 0.001), reflecting the expected inverse relationship between transparency
and productivity. Critically, TSItsr and TRIX correlated only moderately (r = 0.43, p = 0.024),
suggesting that chlorophyll-based metrics and nutrient-based metrics capture partially distinct facets
of eutrophication—Ilikely because TRIX integrates dissolved oxygen deviations reflecting
heterotrophic decomposition as well as autotrophic production [41]. This partial redundancy justifies
retaining multiple indices: while some covariation ensures internal consistency, the lack of perfect
correlation means each metric contributes unique diagnostic information.

Peru's current regulatory framework (DS 004-2017-MINAM, ECA-Water) relies on single-
parameter exceedances to trigger management responses, an approach inadequate for systems
experiencing compound stressors. Paucarani technically "complies" with ECA-Water phosphorus
standards (< 0.035 mg L) yet exhibits ecological impairment via metal toxicity. Conversely, Aricota
exceeds phosphorus thresholds due to combined geogenic-volcanic loading and potentially
aquaculture-derived inputs. A compliance-only approach would misallocate resources. Multimetric
condition assessment enables risk stratification: systems like Paucarani require strategies focused on
minimizing additional anthropogenic stressors and protecting human water supply intakes for
Tacna's urban population (85% of regional water demand). This shift from "compliance" to
"condition" mirrors international best practices under the European Water Framework Directive and
Australia's National Water Quality Management Strategy [42—44].
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4.3. Environmental Drivers and Variance Partitioning

Distance-based redundancy analysis partitioned variance into lake identity (45%), year (8%), and
unexplained stochasticity (47%), confirming that site-specific characteristics overwhelm temporal
drivers. The primacy of spatial factors aligns with an "environmental envelope" framework wherein
each system occupies a relatively stable configuration defined by catchment geology, hydrological
connectivity, and land-use pressure. This pattern is consistent with growing evidence that high-
mountain tropical lakes can exhibit strong physical buffering that dampens short-term variability in
water-column properties [45]. Mechanistically, the prominence of lake identity is most plausibly
explained by legacy contamination and internal loading processes. Catchment legacies —whether
geogenic metal delivery from volcanic headwaters or chronic diffuse inputs from degraded
wetlands—can produce long recovery lags driven by sediment-water feedbacks and internal
phosphorus recycling, effectively "locking" systems into persistent states despite partial reductions
in external pressure [46,47].

The modest temporal component (8% of explained variance) should not be interpreted as "no
change," but as evidence that decadal-scale signals are subtle relative to among-lake contrasts. CAP1
ordination loadings suggest a northwest-to-southeast gradient of gradually improving conditions —
consistent with stable land-use patterns. Intriguingly, db-RDA detected no significant stratification
effect (surface versus bottom strata), consistent with frequent vertical mixing given depths exceeding
20 m. A critical limitation was the restriction to dry-season sampling for complete-case analysis.
Consequently, we cannot assess whether wet-season nutrient pulses from precipitation-driven runoff
alter water quality trajectories. Seasonal studies in other Andean systems document 2-3-fold
increases in total phosphorus and nitrogen during austral summer, driven by intensified erosion and
wetland mobilization [48,49].

4.4. Functional Archetypes as Operational Management Tool

Ward hierarchical clustering on Z-standardized indices identified four functional archetypes
with explicit management implications. Risk-typologies are explicitly framed as early-warning
devices to target sensitive water bodies before irreversible change occurs [50,51]. Cluster 1
(exclusively Aricota, n = 8 sampling events across 2015-2024) represents persistent mesotrophic-
contaminated conditions driven by geogenic volcanic inputs potentially amplified by intensive cage
aquaculture expansion. Despite regulatory oversight under Peruvian Aquaculture Law (DL 1195),
floating net pen operations expanded without nutrient assimilation infrastructure. This trajectory
warrants HIGH management priority: sediment remediation to address legacy phosphorus burial,
riparian buffer restoration, and enforceable carrying capacity limits. Critically, Aricota shows no
recovery signal across the decade, suggesting potential hysteresis requiring active restoration [52].

Cluster 2 (n = 12 sampling events, mixed systems from 2020-2024) captures systems exhibiting
gradual improvement or stability under moderate anthropogenic pressure. This archetype warrants
MEDIUM priority through best management practices: enforcing sustainable land-use policies in
degraded wetland catchments, revegetating eroded bofedales, and monitoring compliance. Jarumas
migrated from Cluster 3 (reference conditions, 2018-2019) to Cluster 2 (2020-2024), signaling subtle
degradation consistent with the significant Mann-Kendall decline. This shift occurred before
regulatory thresholds were breached, demonstrating early-warning capacity. Intervention at this
stage may prevent costlier remediation later [53,54].

Cluster 3 (n = 6 sampling events, early Suches-Jarumas samples from 2018-2019) represents
reference conditions: oligotrophic to mesotrophic with low contamination. These conditions serve as
restoration targets and warrant LOW management priority (conservation monitoring, biennial
sampling frequency). Cluster 4 (n = 2 sampling events, exclusively Paucarani) isolates the geogenic
metal anomaly. HPI and CD values exceed all other clusters by an order of magnitude, yet trophic
indices remain low — confirming decoupling. Management strategies differ fundamentally: geogenic
contamination is irreversible via conventional restoration, necessitating focus on minimizing
additional anthropogenic metal inputs and protecting downstream water intakes for Tacna's urban
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supply (serving 85% of regional population) via pre-treatment (arsenic removal through coagulation-
filtration) or alternative sourcing. This archetype warrants MEDIUM-HIGH priority because human
exposure pathways remain manageable through infrastructure interventions.

Operationalization for Peru's National Water Authority (ANA) could proceed via quarterly
monitoring for high-risk clusters (Clusters 1 and 4), annual monitoring for moderate-risk clusters
(Cluster 2), and biennial monitoring for reference clusters (Cluster 3), dynamically adjusting
frequency as systems transition.

4.5. Methodological Considerations and Limitations

Several methodological constraints temper the generalizability and precision of our findings.
First, turbidity values were approximated from total suspended solids (TSS) concentrations using
established regression relationships (r = 0.77-0.96) [55,56], as direct nephelometric turbidity
measurements were unavailable for earlier monitoring years. Our TSS range (0.5-37 mg L) falls well
below thresholds where this approximation degrades (> 800 mg L), and sensitivity analysis
indicated < 2 WQIHA units uncertainty. Second, chlorophyll-a temporal restriction (2018-2024)
constrained trophic index calculation to recent years. This arose because chlorophyll-a measurement
requires Secchi depths > 1.5 m and current laboratory detection limits for oligotrophic systems report
values as "below detection" rather than quantitative concentrations.

Third, WQIHA parameter coverage reached 85% (17 out of 20 standard parameters), with
copper, total dissolved solids, and oils/greases unmeasured. Weight renormalization maintained
relative proportions, deemed acceptable by CCME guidelines for > 75% coverage; however, copper's
absence may underestimate contamination in Aricota where aquaculture operations contain cupric
compounds. Fourth, seasonal bias toward dry-season sampling prevents assessment of wet-season
nutrient pulses. Tropical Andean lakes experience pronounced seasonality in precipitation (austral
summer receives 60-80% of annual rainfall), driving erosional transport. Fifth, generalizability to
other Andean systems warrants cautious extrapolation. Our four lakes span 2,800—4,600 m elevation
in southern Peru's arid western slope (300-600 mm annual precipitation). Transferability to wetter
regions or different geological substrates remains untested, though mechanistic frameworks apply
broadly.

4.6. Management Implications and Early-Warning Thresholds

We propose a joint threshold —CTSI > 60 (transition from mesotrophy to eutrophy) combined
with HPI > 100 (significant metal pollution) —as an early-warning criterion for compound stressor
risk. This conjunction identifies systems approaching cyanobacterial bloom potential while
simultaneously experiencing metal contamination that amplifies ecosystem stress [57,58]. Systems
exceeding either threshold individually warrant quarterly monitoring; systems exceeding both
thresholds concurrently trigger intensive investigation. This framework acknowledges that single-
stressor thresholds are inadequate for predicting ecological outcomes under compound stress [59].

The regulatory gap between Peru's ECA-Water standards (compliance-based, single-parameter)
and multimetric condition assessment (integrative, continuous) necessitates policy evolution. We
advocate for ANA to adopt a tiered framework: ECA-Water compliance remains the legal floor, but
management prioritization is guided by multimetric dashboards. International precedents exist:
Europe's Water Framework Directive integrates biological, hydromorphological, and
physicochemical indicators [60]. Implementing a similar approach in Peru would require: (i)
establishing Andean-specific reference conditions via paleolimnological reconstruction or pristine-
lake surveys, (ii) deriving pressure-state relationships through gradient studies, and (iii) validating
thresholds via whole-lake experiments.

Resource allocation should follow archetype-specific strategies. HIGH priority (Cluster 1,
Aricota): allocate ~40% of regional restoration budget to sediment phosphorus inactivation,
aquaculture carrying capacity enforcement, and riparian buffer installation —estimated cost ~USD 2-
3 million over 5 years. MEDIUM-HIGH priority (Cluster 4, Paucarani): invest ~30% in water supply
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infrastructure bypassing geogenic contamination — pre-treatment via arsenic removal serving Tacna's
85% regional water demand—estimated cost ~USD 1.5 million. MEDIUM priority (Cluster 2):
maintain current trajectories via best management practices enforcement (cost-neutral). LOW priority
(Cluster 3): conservation monitoring (~10% of budget, USD 100,000 annually).

Specific recommendations for ANA include: (1) expand chlorophyll-a monitoring to wet seasons
via fluorometric probes with enhanced detection limits or satellite remote sensing (Sentinel-2
algorithms calibrated with n > 30 samples); (2) implement archetype-specific monitoring frequencies;
(3) adopt a minimum three-index dashboard (TRIX, CCME-WQI, HPI) for routine assessments; (4)
establish early-warning protocols triggering rapid-response investigations when systems transition
cluster boundaries; (5) pilot restoration at Aricota to test intervention effectiveness; (6) capacity
building via training workshops for regional ANA offices. Cost-benefit analysis supports multimetric
monitoring despite marginal expense increases (~15% more laboratory analyses). Early intervention
is consistently more cost-effective than crisis response: preventing a cyanobacterial bloom via
nutrient management costs USD 50,000-100,000 per lake annually, whereas treating contaminated
drinking water costs USD 500,000-1,000,000.

5. Conclusions

This decade-long multimetric assessment of four high Andean lakes (Aricota, Jarumas,
Paucarani, Suches) spanning 2,800-4,600 m elevation demonstrates that spatial heterogeneity
overwhelmingly dominates temporal variability at decadal scales. Across 1,846 monitoring records
(2015-2024), lake identity consistently emerged as the primary determinant of condition (&2 =0.73 for
CCME-WQI), while 96.4% of index-stratum combinations exhibited no significant temporal trends.
These results partially validate the central hypothesis: the multimetric approach revealed
contamination-trophic decoupling that would be overlooked by single-parameter assessments;
however, the expected "hidden trends" were largely absent, indicating substantial temporal
resilience.

Only Jarumas showed significant degradation (CCME-WQI: Mann-Kendall T =-0.235, Z=-2.35,
p = 0.019), consistent with documented bofedal degradation. Spatial divergence was unequivocal (p
<0.001 all indices, €2 =0.42-0.73). Distance-based redundancy analysis partitioned substantially more
variance to lake identity (45%) than to year (8%), indicating that persistent site-specific drivers—
catchment geology, anthropogenic legacies, hydrological setting —structure condition more strongly
than interannual climate variability. Metal stress suppresses phytoplankton productivity, weakening
nutrient-chlorophyll linkages.

Ward clustering integrated the seven indices into four functional archetypes with direct
operational value. Cluster 1 (Aricota, no recovery 2015-2024) warrants HIGH priority (sediment
remediation, aquaculture limits, USD 2-3M/5 years, 40% budget). Cluster 2 (mixed systems) warrants
MEDIUM priority (best practices, cost-neutral), with Jarumas transition Cluster 3—2 demonstrating
early-warning capacity. Cluster 3 (reference conditions) warrants LOW priority (biennial monitoring,
USD 100K annually, 10% budget). Cluster 4 (Paucarani geogenic anomaly) warrants MEDIUM-HIGH
priority protecting 85% Tacna supply (pre-treatment, USD 1.5M, 30% budget).

Proposed compound threshold (CTSI = 60 + HPI > 100) addresses ECA-Water inadequacy for
distributed stressors. Archetype-based monitoring (quarterly Clusters 1,4; annual Cluster 2; biennial
Cluster 3) optimizes resources. Despite limitations—dry-season bias, chlorophyll-a detection
challenges, depths > 20 m precluding definitive polymictic classification —multimetric framework
demonstrates diagnostic superiority. Integration with Sentinel-2 remote sensing (requiring n > 30
calibration samples) positions this as scalable template for ~200 Peru lakes and ~15,000 tropical
Andean systems requiring proactive stewardship under intensifying pressures.
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