Wet-dry hydroclimatic
pressure and thermal
intensification in contrasting
Peruvian basins

ORIGINAL RESEARCH ARTICLE

Presion hidroclimatica
himeda-seca e
intensificacion térmica
en cuencas peruanas
contrastantes

Jamil Ramirez'* @, Luis Velarde?®, Becky Berrocal2®

1 Universidad Nacional Mayor de San Marcos,
Facultad de Ciencias Fisicas, E. A. P. de Ingenieria
Mecanica de Fluidos. Lima, Peru.

2 Universidad Tecnolégica del Pert, Carrera de
Ingenieria Civil. Lima, Pert.

74 SOUTH
@’) SUSTAINABILITY

Cite as: Ramirez, ). et al. (2026).
«Wet-dry hydroclimatic pressure and
thermal intensification in contrasting
Peruvian basins». South Sustainability,
7(2), el74.

DOI: 10.21142/SS-0702-2026-e174

Received: 30/7/2026
Peer reviewed
Accepted: 23/9/2026

© Los autores, 2026. Publicado por la
Universidad Cientifica del Sur
(Lima, Peru)

* Corresponding author:
jamil_ramirez.m@hotmail.com

Associate editor:
Alexander Pérez Segovia

ABSTRACT

Peruvian basins span abrupt topographic and climatic gradients, yet sparse, heterogeneous
observations hinder consistent basin-scale comparisons of hydroclimatic change. In this study,
we developed a multi-product screening framework for nine contrasting basins over the period
1981-2025, using daily precipitation data from CHIRPS, PISCOp v3.0 and ERA5-Land, together with
ERAS5-Land minimum, mean and maximum temperature data. Four wet indicators (Rx1day, Rx5day,
R95pTOT and SDII), four dry indicators (CDD, SPI-3 drought frequency and duration, and annual
minimum SPI-12), and four thermal indicators were evaluated using Theil-Sen slopes and Hamed-Rao
variance-corrected Mann-Kendall tests, with false-discovery-rate control. Basin-level precipitation
intensification data was retained only when at least two products agreed, no product showed a
criteria-supported opposite signal, and a minimum effect-size threshold was met. Classification
sensitivity was tested across 36 analytical scenarios. The Mayo basin displayed the clearest wet-
pressure intensification, with all four wet indicators classified as robust. Mantaro met the criteria for
two wet indicators and was wet-dominant under the base cutoff, whereas Grande and Alto Apurimac
each retained one robust wet indicator and remained inconclusive. No robust dry indicator was
retained in any basin, and no dry-dominant or dual-pressure profile emerged. All basins exhibited
ERAS5-Land thermal intensification meeting the predefined criteria, with mean-temperature trends
of 0.092-0.331°C per decade. Classification was found to be stable in most basins, whereas Mantaro
remained strongly threshold-sensitive. The framework distinguishes coherent basin-scale change
from product-dependent evidence and supports targeted monitoring and local validation, without
implying risk, attribution or vulnerability.

Keywords: hydroclimatic trends, precipitation extremes, meteorological drought, temperature trends,
gridded precipitation products, multi-product analysis

RESUMEN

Las cuencas peruanas abarcan marcados gradientes climaticos y topograficos, pero la escasez
y heterogeneidad de las observaciones dificultan una comparacién consistente del cambio
hidroclimatico a escala de cuenca. Este estudio desarrollé un marco de evaluacion basado en multiples
productos para nueve cuencas contrastantes en el periodo 1981-2025, que utilizd precipitacion diaria
de CHIRPS, PISCOp v3.0 y ERA5-Land, junto con temperaturas minima, media y maxima de ERAS-
Land. Se evaluaron cuatro indicadores humedos (Rx1day, Rx5day, R95pTOT y SDII), cuatro secos (CDD,
frecuenciay duracion de sequias SPI-3y minimo anual de SPI-12) y cuatro térmicos mediante pendientes
de Theil-Sen y pruebas de Mann-Kendall con correccién de varianza de Hamed-Rao y control de la
tasa de falsos descubrimientos. La intensificacion de la precipitaciéon a escala de cuenca se retuvo
Unicamente cuando al menos dos productos coincidieron, ninglin producto mostré sefial opuesta
respaldada por los criterios y se superé un umbral minimo de magnitud; ademas, la sensibilidad
de la clasificacion se evalué mediante 36 escenarios analiticos. Mayo presento la intensificacion de
presion himeda mas clara, con sus cuatro indicadores hiumedos clasificados como robustos. Mantaro
cumplid los criterios en dos indicadores hiimedos y fue clasificado como himedo-dominante bajo el
umbral base, mientras que Grande y Alto Apurimac conservaron una sefial hUmeda robusta cada uno
y permanecieron inconclusos. No se retuvo ningtin indicador seco robusto en ninguna cuenca, y no se
identificaron perfiles seco-dominantes ni de presion dual. Todas las cuencas mostraron intensificacion
térmica en ERA5-Land que cumplié los criterios predefinidos, con tendencias de temperatura media
entre 0.092y 0.331°C por década. La clasificacion fue estable en la mayoria de las cuencas, mientras
que Mantaro permanecié marcadamente sensible al umbral. EL marco permite distinguir cambios
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coherentes a escala de cuenca de evidencias dependientes del producto y respalda el monitoreo
focalizado y la validacidn local, sin implicar evaluaciones de riesgo, atribucién o vulnerabilidad.

Palabras clave: tendencias hidroclimdticas, extremos de precipitacion, sequia meteoroldgica, tendencias
de temperatura, productos de precipitacion en rejilla, andlisis multiproducto

1. Introduction

Flood-producing rainfall, persistent dry spells,
meteorological drought and warming affect water
management, agriculture, ecosystems and infrastructure
across multiple hydroclimatic regions (Lozano-Povis et
al., 2021; Pabon-Caicedo et al., 2020; Poveda et al., 2020;
Spinoni et al., 2019). These pressures are particularly
consequential where livelihoods and water management
are highly dependent upon climatic variability, as is the
casein many Peruvian basins. Peruis characterized by sharp
hydroclimatic gradients, from arid Pacific catchments to
high Andean headwaters, humid Amazonian basins and
the Titicaca drainage basin. Observational studies have
shown that precipitation and temperature climatologies
and trends vary markedly across these settings (Huerta
and Lavado-Casimiro, 2021; Imfeld et al., 2021), while
ENSO and regional circulation modulate precipitation
variability and extremes (Jonaitis et al., 2021; Villalobos-
Puma et al., 2022). A single national tendency cannot,
therefore, be employed to represent the hydroclimatic
pressures experienced by individual basins. Comparable
basin-scale screening is needed to identify where signals
are coherent, where they remain uncertain, and where
local verification should receive greater attention.

Gridded climate products provide spatially complete
and reproducible records for poorly gauged basins.
CHIRPS combines satellite infrared estimates with station
observations (Funk et al., 2015). The Peru-specific gridded
precipitation dataset used in this study was PISCOp v3.0,
the latest version of the PISCO precipitation product
available for the study period, hereafter abbreviated as
PISCO for consistency with the figures and tables (Aybar
et al., 2020; Gutiérrez and Lavado-Casimiro, 2025). ERAS5-
Land provides a land-focused reanalysis for terrestrial
applications (Mufioz-Sabater et al., 2021). Other Peru-
focused products, including RAIN4PE and PISCOp h,
illustrate recent advances in daily and hourly precipitation
coverage (Fernandez-Palomino et al., 2022; Huerta et al.,
2022). These products are not interchangeable, because
differences in spatial resolution, station incorporation,
satellite retrievals, bias correction and reanalysis physics
affect precipitation estimates, particularly in the case of
steep terrain and low-rainfall climates (Rajulapati et al.,
2020). A multi-product approach, therefore, characterizes
uncertainty while preserving disagreement, rather than
averaging it away (Zhou et al., 2020).

Annual precipitation data does not identify short-
duration extremes, wet-day intensity or dry-spell
persistence, for which distinct indicators are required
(Dunn et al., 2020). SPI results are dependent upon

distributional assumptions, reference periods and
stationarity choices (Cammalleri et al., 2022; Laimighofer
and Laaha, 2022). The framework of this study, therefore,
separatedwet, dryandthermaldomains, appliedstatistical
and effect-size criteria, and evaluated classification
sensitivity. Agricultural and urban footprints provide
context but do not measure exposure, vulnerability or
risk (Heikkinen, 2021). For this study, we developed a
reproducible hydroclimatic screening framework for nine
contrasting Peruvian basins over the period 1981-2025. It
asked: (i) which wet, dry and thermal signals occurred;
(ii) which precipitation signals agreed across products;
and (iii) which wet-dry profiles remained stable under
alternative analytical settings? The study’s contribution
constitutes a compact method for comparing ungauged
or poorly gauged basins, without overstating what can be
established using gridded historical data.

2. Materials and methods
2.1. Study area and datasets

Our analysis was applied to nine official hydrographic
units: Piura, Chancay-Lambayeque, Rimac, Grande,
Mantaro, Mayo, Pachitea, Azangaro and Alto Apurimac.
Their boundaries were obtained from the national
hydrographic framework of Peru’'s National Water
Authority (ANA), definedinaccordancewiththePfafstetter
classification system; no basin was redelineated for this
study. The nine units were selected in order to provide
broad geographical coverage across northern, central and
southern Peru and across Pacific, Andean-Amazonian,
Amazonian and Titicaca drainage settings. The selection
was intended to represent contrasting hydroclimatic
environments, rather than a probabilistic or exhaustive
sample of Peruvian basins. Topographic background and
basin elevation statistics were derived from FABDEM
V1-2, a global bare-earth digital elevation model with a
spatial resolution of 1 arc second, approximately 30 m at
the equator (Hawker et al., 2022; Neal and Hawker, 2023).
Their locations, boundaries and elevation patterns are
shown in Figure 1.

The basin areas ranged from 3504 km? to 34,683 km?,
and the mean elevations ranged from 453 mto 4367 m.The
elevation ranges and territorial fractions are summarized
in Table 1. The agricultural fractions were calculated using
agricultural-area polygons from the Atlas de la Superficie
Agricola del Pert (Ministerio de Desarrollo Agrario y Riego,
2021), and the urban fractions were obtained from urban-
area polygons produced by the Peruvian National Institute
for Statistics and Informatics (INEI). These layers represent
only area-based territorial footprints, and should not be
interpreted as population exposure or vulnerability.
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Daily CHIRPS precipitation (Funk et al.,2015) and ERA5-
Land daily aggregated precipitation and air temperature
data (Mufoz-Sabater et al., 2021) were accessed and
processed from Google Earth Engine using the UCSB-CHG/
CHIRPS/DAILY and ECMWF/ERAS5 LAND/DAILY AGGR
collections, respectively. Daily basin-average values were
extracted over the ANA basin polygons using a spatial
mean reducer. ERA5-Land supplied daily precipitation and
minimum, mean and maximum air temperature. PISCOp
v3.0 daily precipitation (Gutiérrez and Lavado-Casimiro,
2025) was downloaded from Figshare and processed
separately in R, where the gridded data were spatially
clipped to the same ANA basin polygons and converted
to daily basin-average series. The three precipitation
products were retained as separate product estimates
throughout indicator calculation and signal assessment
and were not assumed to be statistically or observationally
independent. Potential evapotranspiration was not
included in the final analysis.

Figure 1. Location, topography and identifiers of the nine study basins

Table 1. Basin characteristics and territorial footprints

2.2. Preprocessing and indicators

The precipitation and temperature series were
processed separately. Dates, basin identifiers, product
names and units were harmonized, duplicated basin-date
records were checked, negative precipitation values were
rejected, and records in which Tmin exceeded Tmax were
treated as invalid. Annual precipitation and temperature
indicators were retained when at least 90% of the
expected daily observations within the same calendar
year were valid. Trend estimation required at least 30
valid annual values. The precipitation products were not
merged or averaged before trend estimation and cross-
product signal assessment.

Wet pressure was represented by annual maximum
one-day precipitation (Rx1day), annual maximum five-
day precipitation (Rx5day), precipitation from wet days
above the basin, product-specific 95th percentile for
the period 1981-2010 (R95pTOT) and the simple daily
intensity index (SDII). Together with consecutive dry
days (CDD), these metrics are consistent with widely
used indices for characterizing precipitation extremes
(Dunn et al., 2020). Dry pressure was represented by CDD,
the annual number of months with SPI-3 below -1, the
maximum within-year duration of this condition, and
the annual minimum SPI-12. Because SPI estimates can
vary according to distributional choices, record length,
accumulation scale and reference period, the results were
interpreted as dataset- and configuration-dependent
evidence (Laimighofer and Laaha, 2022; Wang et al., 2021).
The base dry-day threshold was T mm per day, while 0.5
mm per day was evaluated in the sensitivity analysis. The
indicator definitions, units, effect-size thresholds and
analytical roles are summarized in Table 2. A precipitation
signal was considered operationally robust when at least
two of the three products each met the trend-direction,
adjusted-significance and effect-size criteria, while
no product showed a criteria-supported signal in the
opposite direction. This criterion represents cross-product
consistency, rather than independent observational

Basin ID Basin Area Mean elevation  Elevation Agricultural Agricultural Urban area Urban
(km2) (m) range (m) area (km2) fraction (%) (km2) fraction (%)
AZA Azangaro 8803.7 4367 1930 939.9 10.68 22.35 0.254
CHL Chancay-Lambayeque 4042.8 1626 4112 1253.3 31 28.04 0.694
GRA Grande 11058.5 2124 4636 493.9 4.47 22.22 0.201
MAN Mantaro 34569.1 3881 5221 5653 16.35 44212 1.279
MAY Mayo 9768.7 1288 3805 42233 43.23 114.6 1173
PAC Pachitea 28669 1040 4982 5635.4 19.66 26.05 0.091
PIU Piura 10936.4 453 3671 3355.5 30.68 171.44 1.568
RIM Rimac 3504.1 2946 5578 125.6 3.58 460.71 13.148
AAP Alto Apurimac 34683.3 4064 5233 2845.5 8.2 874 0.252

Note. Mean elevation and elevation range were derived from the digital elevation model. Agricultural area was obtained from the Atlas de la Superficie Agricola del Peru
(Ministerio de Desarrollo Agrario y Riego, 2021), and urban area from INEI polygons. The fractions represent the percentage of each basin occupied by these territorial footprints
and do not indicate population exposure or vulnerability.
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validation, because CHIRPS, PISCO and ERA5-Land are not
fully independent datasets.

The R95pTOT threshold was calculated separately for
each basin and precipitation product using wet days with
precipitation of at least 1 mm during the period 1981-2010.
Monthly precipitation totals used for SPI calculation were
retained only when at least 90% of the expected daily
observations in the corresponding month were available;
otherwise, the monthly value was treated as missing and
was not imputed. Zero monthly precipitation totals were
retained and handled within the SPI calculation through
the estimated probability of zero precipitation. They were
not replaced or imputed. SPI-3 and SPI-12 were calculated
over the period 1981-2025 using a Gamma distribution
fitted through unbiased probability-weighted moments.
Annual SPI-derived indicators were retained only when
at least 90% of the corresponding monthly SPI values
were available within the same calendar year, equivalent

Table 2. Indicator definitions, interpretation and base effect-size thresholds

Ramirez, ). et al.

to at least 11 of 12 months. Meteorological drought
months were defined by SPI-3 < -1. SPI-3 drought duration
was calculated as the longest uninterrupted drought
sequence within each calendar year; sequences crossing
December-January were therefore split at the calendar
year boundary. Thermal conditions were described using
annual means of daily Tmin, Tmean, Tmax and the diurnal
temperature range. Tmin, Tmean and Tmax were not
treated as three independent pressure votes; instead, they
jointly defined a thermal modifier, separating widespread
warming from the wet-dry classification. ERA5-Land
thermal intensification was considered as meeting the
predefined criteria when Tmin and Tmax increased, Tmean
also increased, and at least one of Tmin or Tmax met both
the adjusted-significance and effect-size criteria. This
classification was based exclusively on ERA5-Land and
therefore does not constitute multi-product confirmation.

Domain Indicator Definition

Criterion for

Unit Role in the analysis

intensification
Wet Annual precipitation Total precipitation accumulated during mm per year Increase of at least 5%  Descriptive context
the year per decade
Wet Rx1day Highest daily precipitation recorded within mm Increase of at least 5%  Wet-pressure score
each year per decade
Wet Rx5day Highest precipitation accumulated over mm Increase of at least 5%  Wet-pressure score
five consecutive days within each year per decade
Wet R95pTOT Annual precipitation accumulated on days mm per year Increase of at least 5%  Wet-pressure score
exceeding the basin- and product-specific per decade
95th percentile for 1981-2010
Wet SDII Mean precipitation intensity on days with  mm per wet day  Increase of at least 3%  Wet-pressure score
at least 1 mm of precipitation per decade
Dry CDD Highest number of consecutive days with days Increase of at least 2 Dry-pressure score
precipitation below 1 mm within each year days per decade
Dry SPI-3 drought Number of months within each year in months peryear  Increase of at least 0.5  Dry-pressure score
frequency which SPI-3 was below -1 months per year over a
decade
Dry SPI-3 drought Longest uninterrupted sequence of months Increase of at least Dry-pressure score
duration months within each year in which SPI-3 0.25 months per
was below -1 decade
Dry Annual minimum Lowest monthly SPI-12 value recorded SPI units Decrease of at least 0.1 ~ Dry-pressure score
SPI-12 within each year SPI units per decade
Thermal Tmin Annual mean of daily minimum air °C Increase of at least Thermal modifier
temperature 0.1°C per decade
Thermal Tmean Annual mean air temperature °C Positive trend Thermal modifier
supporting the thermal
classification
Thermal Tmax Annual mean of daily maximum air °C Increase of at least Thermal modifier
temperature 0.1°C per decade
Thermal DTR Annual mean difference between daily °C No directional criterion Thermal context

maximum and minimum air temperature

assigned

Note. Base effect-size thresholds refer to changes per decade. Dry days were defined using a threshold of 1 mm per day in the base analysis and 0.5 mm per day in the sensitivity
analysis. Tmin, Tmean and Tmax were evaluated jointly as a thermal modifier and were not counted as separate wet-dry pressure indicators.
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2.3. Trends, product agreement and profile classification

For each basin, product and indicator, we quantified
monotonic change per decade using the Theil-Sen slope
and evaluated statistical significance with the Mann-
Kendall test. For indicators evaluated through relative
effect sizes, percentage change per decade was calculated
by dividing the decadal Theil-Sen slope by the absolute
median of the corresponding annual series. These non-
parametric procedures are widely used for monotonic
trend assessment; however, their results can be sensitive
to temporal granularity and the treatment of serial
autocorrelation (Collaud Coen et al.,, 2020). Mann-
Kendall significance was evaluated using the Hamed-Rao
variance-corrected procedure to account for temporal
autocorrelation in the annual series (Hamed and Rao,
1998). Theil-Sen slopes were retained as the estimator of
trend magnitude.

Subsequently, the Benjamini-Hochberg procedure
was applied to the autocorrelation-corrected p-values, in
order to control the false discovery rate across the nine
basins separately for each product-indicator combination
(Benjamini and Hochberg, 1995). Additionally, in the
CDD sensitivity analysis, the adjustment was performed
separately for each dry-day threshold. The base adjusted
significance level was 0.10. As a complementary measure
of temporal change, median indicator values for the
periods 1981-2002 and 2004-2025 were compared using
2000 bootstrap resamples and percentile-based 95%
confidence intervals. The year 2003 was excluded from
this comparison only, in order to obtain two equal 22-year
periods and remained included in the complete 1981-2025
period trend analysis. Bootstrap comparisons were treated
as supporting descriptive evidence and did not determine
product-level signals or wet-dry profile classifications.

At the product level, intensification required a trend in
the expected direction, an adjusted p-value not exceeding
the selected significance level, and an effect size meeting
the corresponding threshold. The effect-size thresholds
were defined as operational screening criteria, rather
than as universal physical boundaries. Their purpose was
to prevent statistically supported but very small changes
from determining the basin-level classification. The base
thresholds for wet indicators were increases of 5% per
decade for Rxlday, Rx5day and R95pTOT, and 3% per
decade for SDII. For dry indicators, the thresholds were
increases of 2 days per decade for CDD, 0.5 months per
decade in the annual number of SPI-3 drought months,
and 0.25 months per decade for SPI-3 duration, together
with a decrease of at least 0.1 SPI units per decade for the
annual minimum SPI-12. Because these thresholds are
screening choices, rather than physically unique limits,
their influence was explicitly evaluated in the sensitivity
analysis by multiplying all base effect-size thresholds by
0.75,1.00 and 1.25.

A precipitation signal was classified as robust
intensification when at least two of the three products
met the product-level criteria and no product showed a
criteria-supported change in the opposite direction. The
term «robust» is used here as an operational descriptor of
consistency across products and should not be interpreted
as evidence from three statistically or observationally
independent datasets. Wet (W) and dry (D) scores were
calculated as the proportions of the four indicators in each
domain classified as robustly intensifying. Using a base
cutoff of 0.50, basins were classified as wet-dominant
when W > 0.50 and D < 0.50, dry-dominant when D >
0.50 and W < 0.50, dual-pressure when both scores were
> 0.50, and inconclusive when both scores were < 0.50.
ERAS5-Land thermal intensification was considered as
meeting the predefined criteria when Tmin, Tmean and
Tmax all exhibited positive trends and at least one of Tmin
or Tmax met both the adjusted-significance and effect-
size criteria. This ERA5-Land-based classification was
treated as a modifier of the wet-dry profile, rather than as
an additional pressure axis.

2.4. Sensitivity and territorial interpretation

Classification sensitivity was evaluated using 36
scenarios combining two CDD thresholds (0.5 and 1 mm
per day), three effect-size multipliers (0.75, 1.00 and
1.25), two adjusted significance levels (0.05 and 0.10),
and three W-D profile cutoffs (0.40, 0.50 and 0.60).
The effect-size multipliers were included specifically to
test the dependence of the basin classifications on the
operational magnitude thresholds used in the screening
framework. Classification stability was quantified as the
proportion of scenarios assigned to the modal profile.
Agricultural and urban fractions were used solely to
support the territorial interpretation of the hydroclimatic
profiles and to identify questions requiring more detailed
monitoring or local assessment. They were not combined
with hydroclimatic signals to construct a composite
index, risk score, vulnerability measure or priority ranking.
All analyses were conducted in R 4.6.0. The principal
packages used included dplyr 1.2.1 and tidyr 1.3.2 for data
manipulation, SPEI1.8.1for SPI calculation, modifiedmk 1.6
for autocorrelation-corrected Mann-Kendall tests, sf1.1.2,
terra 1.9.34 and exactextractr 0.10.1 for spatial processing,
and ggplot2 4.0.3 for visualization. A complete record
of package versions is provided with the reproducibility
materials.

3. Results
3.1. Hydroclimatic signals and product agreement

Daily data completeness met the threshold required
to retain all annual precipitation and temperature series
in the 45-year analysis. Precipitation signals varied
substantially across basins and products, whereas
temperature trends consistently indicated warming.
Robust wet intensification was strongest in the Mayo and
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Mantaro basins, with one additional robust wet indicator
in both Grande and Alto Apurimac. No robust dry indicator
was retained under the autocorrelation-corrected analysis
(Figure 2). Mayo displayed robust intensification in all four
wet indicators: Rx1day, Rx5day, R95pTOT and SDII. Median
effect sizes across the three product-specific estimates
were +8.9%, +5.6%, +20.2% and +4.7% per decade,
respectively. Mantaro showed robust intensification in
Rx1day and R95pTOT, with median effect sizes of +5.2%
and +12.1% per decade, respectively. Grande retained
robust intensification only in Rx1day (+12.6% per decade),
whereas Alto Apurimac retained only R95pTOT (+12.0%
per decade). Azangaro, Chancay-Lambayeque, Piura,
Pachitea and Rimac displayed no robust wet indicators
under the base criteria. In Rimac, however, Rxlday,
R95pTOT and SDII showed conflicting criteria-supported
signals among precipitation products, representing the
clearest indication of cross-product disagreement. No dry
indicator met the cross-product robustness criterion in
any basin, after accounting for temporal autocorrelation.
Directional changes were detected more frequently at
the individual-product level, but these did not meet the
combined adjusted-significance, effect-size and cross-

Ramirez, ). et al.

product criteria required for classification as robust basin-
levelsignals. Allnine basins met the predefined ERA5-Land
thermal-intensification criteria. Tmean increased from
0.092°C per decade in Piura to 0.331°C per decade in Alto
Apurimac. Tmin trends ranged from 0.080°C to 0.259°C
per decade, whereas Tmax trends ranged from 0.105°C to
0.390°C per decade. Alto Apurimac exhibited the highest
warming rates, while Piura showed the lowest rates for
all three temperature metrics. Overall, the cross-product
rule substantially reduced the number of precipitation
signals retained at the basin level and distinguished
consistent intensification from isolated or contradictory
product-level trends. The resulting counts of robust wet
and dry signals, the indicators retained in each basin,
and the principal case of cross-product disagreement
are summarized in Table 3. Complete numerical trend
estimates, Theil-Sen slopes, Mann-Kendall statistics,
raw and adjusted p-values, effect-size evaluations and
product-level signal classifications are provided in
Supplementary Tables S1 and S3. Median changes and
bootstrap confidence intervals for the 1981-2002 and
2004-2025 periods are reported in Supplementary Table
S2.

Figure 2. Hydroclimatic trend signals across products and basins. (A) Wet- and dry-pressure signals from CHIRPS, PISCO and ERA5-Land. (B) ERA5-Land
thermal signals. S+/S- indicate criteria-supported pressure intensification/attenuation; W+/W- indicate corresponding non-supported directions. Zero

denotes no clear change, and a dash indicates that no direction was assigned.
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Table 3. Basin-level cross-product agreement and robust wet and dry indicators

Basin Robust wet Robust dry Robust wet indicators Robust dry Indicators with conflicting
signals (n/4) signals (n/4) indicators product signals
Azangaro 0 0 — — -
Chancay-Lambayeque 0 0 - - -
Grande 1 0 Rx1day - -
Mantaro 2 0 Rx1day; R95pTOT - -
Mayo 4 0 Rx1day; Rx5day; R95pTOT; SDII - —
Pachitea 0 0 — — —
Piura 0 0 - - -
Rimac 0 0 — — Rx1day; R95pTOT; SDII

Alto Apurimac 1 0 R95pTOT — -

Note. Each basin was evaluated using four wet and four dry indicators. Robust signals met the cross-product agreement, adjusted-significance and effect-size criteria.
Conflicting signals indicate opposing criteria-supported product-level results for the same indicator. An em dash indicates that no indicator met the corresponding condition.

3.2. Wet-dry profiles and thermal modification

Using the base cutoff, Mayo had W = 1.00 and D = O,
while Mantaro had W = 0.50 and D = 0. These two basins
were therefore classified as wet-dominant. Grande and
Alto Apurimac each had W = 0.25 and D = 0, whereas
Azangaro, Chancay-Lambayeque, Pachitea, Piura and
Rimac had W = D = 0. The remaining seven basins were
classified as inconclusive, and none met the dry-dominant
or dual-pressure criteria (Figure 3). Mantaro lay exactly
at the base wet-score cutoff (W = 0.50), meaning that
its wet-dominant classification depended on retaining a
cutoff of 0.50 or lower; nevertheless, its two supported
wet indicators showed positive continuous effect
magnitudes, with median changes of +5.2% per decade
for Rx1day and +12.1% per decade for R95pTOT. Mayo was
clearly separated from this classification boundary with
W = 1.00, whereas Grande and Alto Apurimac remained
below it with W =0.25. Under the study’s analysis, no basin
retained arobust dry indicator. These resultsillustrate why
the categorical profiles should be interpreted together
with the underlying effect magnitudes, W-D scores and
sensitivity results. Territorial footprints differed markedly
across different basins. The agricultural fractions were
highestin Mayo (43.23%), Chancay-Lambayeque (31.00%)
and Piura (30.68%). Rimac had the largest urban fraction
(13.15%), substantially exceeding that of the other basins
despite its inconclusive wet-dry profile. These contrasts
may serve to guide more detailed local assessments, but
they cannot be employed to establish impacts or priorities
without additional information related to population,
infrastructure, water management and vulnerability.
Exact W and D scores, temperature trends, classification
stability and territorial fractions are summarized in Table
4.

Figure 3. Wet-dry pressure space for the nine basins. All basins share
an ERA5-Land thermal-intensification modifier meeting the predefined

criteria.
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Table 4. Final wet-dry profiles, thermal trends, sensitivity stability and territorial footprints

Tmin / Tmean / Tmax Modal sensitivity

Agricultural  Urban area

Basin w D Base profile (*C/decade) profile Stability area (%) (%)
Azangaro 0.00 0.00 Inconclusive 0.196 / 0.283 / 0.333 Inconclusive 1.000 10.68 0.254
Chancay- 0.00 0.00 Inconclusive 0.158 /0.171/ 0.175 Inconclusive 1.000 31.00 0.694

Lambayeque
Grande 0.25 0.00 Inconclusive 0.161/0.205/ 0.21 Inconclusive 1.000 4.47 0.201
Mantaro 0.50 0.00 Wet-dominant 0.197 /0.213/ 0.215 Inconclusive 0.556 16.35 1.279

Mayo 1.00 0.00 Wet-dominant 0.093/0.116 / 0.146 Wet-dominant 1.000 43.23 1173
Pachitea 0.00 0.00 Inconclusive 0.177 / 0.245 / 0.309 Inconclusive 1.000 19.66 0.091

Piura 0.00 0.00 Inconclusive 0.080/0.092/0.105 Inconclusive 1.000 30.68 1.568

Rimac 0.00 0.00 Inconclusive 0.222/0.207 / 0.193 Inconclusive 1.000 3.58 13.148

Alto Apurimac 0.25 0.00 Inconclusive 0.259/0.331/0.390 Inconclusive 0.889 8.20 0.252

Note. W and D are the proportions of wet and dry indicators, respectively, classified as robustly intensifying under the base criteria. Stability is the proportion of the 36
sensitivity scenarios assigned to the modal profile. All basins met the predefined ERA5-Land thermal-intensification criteria; therefore, the common thermal modifier is not
repeated as a separate column. Agricultural and urban percentages represent descriptive territorial footprints only.

3.3. Sensitivity and classification stability

The Azangaro, Chancay-Lambayeque, Grande, Mayo,
Pachitea, Piura and Rimac basins retained the same
classification across all 36 sensitivity scenarios. Alto
Apurimac was classified as inconclusive in 88.9% of the
scenarios. Mantaro displayed the greatest sensitivity: it
was inconclusive in 55.6% of the scenarios despite being
wet-dominant under the base settings. No sensitivity
scenario produced a dry-dominant or dual-pressure
profile. Classification changes were restricted to the
boundary between wet-dominant and inconclusive
in Mantaro and, less frequently, Alto Apurimac.
Mantaro was wet-dominant under the base settings

Figure 4. Proportion of the 36 sensitivity scenarios assigned to each
observed wet-dry profile. Only profiles that occurred are displayed.

but inconclusive in 55.6% of the 36 scenarios, making
the inconclusive profile its modal sensitivity outcome.
Grande was inconclusive in all tested scenarios after the
autocorrelation correction. The absence of robust dry-
pressure signals was also maintained across the tested
methodological settings (Figure 4). The complete set of
classifications obtained under the 36 sensitivity scenarios
and the corresponding basin-level stability summaries are
provided in Supplementary Tables S5 and Sé.

4. Discussion

4.1. Contrasting basin trajectories and widespread
warming

The results of our study show contrasting precipitation
trajectories under a shared warming signal. Mayo
intensified across all four wet indicators, whereas
Mantaro met the cross-product criteria for two. Grande
and Alto Apurimac retained one wet indicator each and
remained inconclusive. Because Mantaro lies exactly at
the classification cutoff, its wet-dominant profile should
be interpreted conditionally. The marked differences
across basins are consistent with previous evidence
that precipitation trends and extremes are spatially
heterogeneous across southern Peru and the Peruvian
Altiplano (Huerta and Lavado-Casimiro, 2021; Imfeld
et al., 2021). Studies of summertime extremes on the
western Andean slopes also emphasize the role of regional
atmospheric circulation (Villalobos-Puma et al., 2022),
while high-resolution projections suggest that increases
in heavy precipitation can coexist with stronger drought
pressure in glacierized Peruvian basins (Potter et al., 2023).
These studies differ from the present analysis in terms of
domain, period and data, meaning that the comparison is
qualitative rather than a direct validation.
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Limited evidence of dry-pressure intensification does
not imply the absence of drought events or water stress.
Recent studies have documented significant drought
episodes in the Peruvian Amazon (Martinez-Castro et
al., 2025) and ENSO-related agricultural drought in the
Mantaro Valley (Arana Ruedas and Moggiano, 2023),
but event occurrence and sectoral drought impacts
are not equivalent to a monotonic trend in basin-scale
meteorologicalindicators. Theindicators used in this study
do not represent hydrological drought, reservoir storage,
water demand or operational scarcity. Wet extremes and
persistent dry anomalies may also evolve independently or
concurrently, as suggested by high-resolution modeling in
the Peruvian Andes (Potter et al., 2023). The absence of dry
indicators that satisfy the cross-product criteria therefore
reinforces the need for evidence from several indicators,
before assigning a basin-wide dry-dominant profile.
Thermal intensification was the only result shared by all
the basins, although its magnitude varied substantially.
Alto Apurimac showed higher warming rates than Piura
for Tmin, Tmean and Tmax. This widespread warming
is consistent with evidence of increasing temperatures
across the Andes, although magnitudes vary according to
elevation, season, dataset and period (Imfeld et al., 2027;
Pabon-Caicedo et al., 2020). Rising temperatures may
affect evaporative demand, crop water requirements,
soil moisture and snow-related processes; modeling
in glacierized Peruvian basins further suggests that
warming-driven evapotranspiration can intensify drought
pressure, even where precipitation increases (Potter et
al., 2023). However, potential evapotranspiration and
these associated responses were not quantified in this
study, and should therefore be regarded as plausible
mechanisms requiring further evaluation, rather than as
additional measured pressure components.

4.2. Product dependence and territorial implications

Because precipitation estimates remain uncertain
over complex terrain, cross-product agreement was
required. Evaluations of global precipitation datasets
indicate that their representation of extremes can differ
markedly (Rajulapati et al., 2020), and multi-product
approaches provide a transparent means of describing this
uncertainty (Zhou et al., 2020). In the Peruvian context,
the development and evaluation of PISCO and RAIN4PE
highlight the challenges posed by sparse gauges, steep
topography and strong climatic gradients (Aybar et al.,
2020; Fernandez-Palomino et al., 2022). The availability
of higher-frequency products such as PISCOp_h expands
potential applications but does not by itself remove
product dependence from trend assessment (Huertaetal.,
2022). In Rimac, three wet indicators indicated conflicting
criteria-supported signals among products, illustrating
this problem in a steep basin extending from the arid
coast to high-elevation headwaters. A diagnosis based on
a single product would have appeared more conclusive,
but would have been less defensible.

Territorial fractions provide context for the
interpreting of the hydroclimatic profiles. The Mayo
basin combined the strongest wet-pressure profile with
the largest agricultural fraction, supporting the need
for more detailed evaluation of drainage, erosion, crop
management and accessibility during intense rainfall.
This is consistent with broader evidence that Andean
agriculture is sensitive to climatic change and extremes
(Lozano-Povis et al., 2021). The Chancay-Lambayeque
and Piura basins had large agricultural fractions, but
also displayed inconclusive wet-dry profiles, indicating
that local station assessment and product evaluation
would be necessary, before firmer conclusions could
be drawn. Rimac combined the largest urban fraction
with substantial disagreement among precipitation
products, supporting finer-scale rainfall and drainage
analyses, rather than a basin-wide risk classification.
These territorial interpretations should be considered
conditional, because vulnerability is dependent upon
livelihood, institutions, power relations and adaptive
capacity, in addition to climatic signals (Heikkinen,
2021). Territorial interpretations should be considered
qualitative, because area fractions do not measure spatial
overlap with people, infrastructure or adaptive capacity.
Vulnerability also reflects place-specific social and
institutional processes (Heikkinen, 2021); therefore, the
study framework supports local investigation, rather than
national adaptation rankings.

4.3. Limitations and transferability

In this study, we did not validate the identified trends
against discharge records or dense station networks, and
nor did we evaluate hydrological response. Basin-average
series may conceal elevation-dependent patterns, rain
shadows, headwater-lowland contrasts and localized
extremes. In addition, the agricultural and urban layers
represent static territorial footprints and do not capture
land-use change during the study period. Population
exposure, infrastructure, livelihoods, social vulnerability
and management capacity remained outside the analytical
scope of the study.

The historical trends do not establish anthropogenic
attribution and should not be interpreted as climate
projections. SPI results are dependent on the selected
precipitation dataset, accumulation scale, probability
distribution, reference period and the assumption that the
underlying precipitation regime is sufficiently stationary
(Cammalleri et al., 2022; Laimighofer and Laaha, 2022;
Wang et al., 2021). The categorical profiles are dependent
on operational thresholds that simplify continuous
hydroclimatic evidence and should not be interpreted
as universal physical boundaries. The sensitivity analysis
explicitly evaluates this dependence across alternative
effect-size, significance, CDD and profile thresholds, but
cannot represent every defensible methodological choice.
The most transferable elements of the framework are the
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separation of wet, dry and thermal domains, the explicit
cross-product agreement rule, the use of minimum
effect-size criteria, and the evaluation of classification
sensitivity. Applications in other regions would require
locally appropriate datasets, quality-control procedures,
reference periods and thresholds. The Peruvian
precipitation products and territorial layers are context-
specific, but the analytical workflow could be adapted
to other data-scarce basins. Cross-product agreement
should be interpreted as consistency among distinct
gridded precipitation products, rather than as fully
independent observational validation. CHIRPS, PISCO and
ERAS5-Land differ in their construction and data sources,
but they cannot be assumed to provide fully independent
evidence. Consequently, agreement among them
increases confidence in the consistency of the detected
signal across products, but does not replace validation
against an independent dense rain-gauge network.

Thermaltrends were evaluated using ERA5-Land alone.
Consequently, the thermal modifier indicates compliance
with the predefined ERA5-Land-based trend. Significance
and effect-size criteria should not be interpreted as
multi-product confirmation or independent temperature
validation.

5. Conclusions

Across nine contrasting Peruvian basins during the
period 1981-2025, robust wet-pressure intensification
was strongest in the Mayo and Mantaro basins. Mayo
exhibited robust change in all four wet indicators,
whereas Mantaro met the criteria for two, and Grande
and Alto Apurimac retained one wet indicator each. Mayo
and Mantaro were classified as wet-dominant under
the base rules, while the remaining seven basins were
classified as inconclusive. No robust dry indicator was
retained in any basin, and no basin was classified as dry-
dominant or subject to dual wet-dry pressure. In contrast,
all nine basins met the predefined ERA5-Land thermal-
intensification criteria, with Tmean trends ranging from
0.092°C to 0.331°C per decade. The requirement for
agreement among precipitation products prevented
isolated or contradictory signals from determining the
basin-level profiles. Most of the classifications were
stable across the 36 sensitivity scenarios, while Mantaro
remained close to the wet-profile boundary. In the case
of Mantaro, the modal sensitivity classification differed
from the base result. Consequently, categorical labels
near the cutoff should be interpreted together with the
underlying continuous effect sizes, W and D scores, and
their sensitivity distributions. The proposed framework
provides a transparent and reproducible first screening
of hydroclimatic pressure in poorly gauged basins.
While its results can support the selection of basins and
questions for more detailed monitoring, validation and
local assessment, they should not be interpreted as risk
rankings or as evidence of impacts, vulnerability, climate
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attribution or future change. Engineering and adaptation
decisions require local observations and explicit analyses
of hydrological response, exposure, infrastructure,
management and social vulnerability.

Supplementary material

The Supplementary Results section contains eight
worksheets: S1, complete trend estimates; S2, median
changes and bootstrap confidence intervals between
the two historical periods; S3, product-level signal
classifications; S4, cross-product agreement results;
S5, the 36 profile-sensitivity scenarios; S6, basin-level
classification stability; S7, ERA5-Land thermal trends; and
S8, thermal-modifier results.
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