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Abstract 

Drought is one of the most complex extreme hydrometeorological phenomena to study 

and affects extensive regions worldwide. This study aimed to characterize droughts in the 

state of San Luis Potosí, Mexico. The analysis employed the parametric Standardized Pre-

cipitation Index (SPI), based on the two-parameter Gamma distribution. Drought inten-

sity, magnitude, and duration were estimated at a 12-month accumulation time scale (SPI-

12) based on records from 194 climatological stations covering the period 1955–2017. Mul-

tivariate statistical techniques were applied to identify the main precipitation patterns and 

the dominant modes of SPI-12 variability. The first two EOF modes explained 67% of the 

total SPI-12 variance (46% and 21%, respectively), and 14 and 11 drought events were 

identified for these modes. Significant spatially contrasting associations between the El 

Niño–Southern Oscillation (ENSO) and drought occurrence and spatial extent were identi-

fied. Drought conditions in the Altiplano and Centro regions were more strongly associated 

with La Niña, whereas the Media and Huasteca regions showed stronger associations with 

El Niño. Furthermore, the potential utility of SPI-12 as an explanatory covariate for changes 

in monthly runoff volume records was demonstrated for the Verde and Gallinas river sys-

tems, with significant Kendall’s tau correlations of 0.330 and 0.380, respectively. The find-

ings provide a basis for improving drought characterization and understanding of its spati-

otemporal variability in the region, while offering valuable information to support the de-

velopment of effective planning, adaptation, and mitigation strategies. 

Keywords: hydrological drought; Standardized Precipitation Index (SPI); El  

Niño-Southern Oscillation; San Luis Potosi 

 

1. Introduction 

Floods and droughts are among the most significant hydrometeorological hazards 

worldwide because of their profound economic, environmental, and social impacts [1]. 

These phenomena clearly demonstrate that, although water is essential for human sur-

vival and development, its occurrence in excessive or severely deficient amounts can 

cause substantial damage. Over recent decades, drought has become a major research 

topic in hydrology, driven by the need to improve the understanding of its occurrence, 
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recurrence, behavior, and underlying mechanisms [2–4]. Recent assessments indicate that 

climate change is intensifying the frequency, duration, and severity of droughts in many 

regions of the world, particularly in arid and semi-arid environments [5]. Although 

droughts occur less frequently than floods, hurricanes, and storms [6], they remain among 

the costliest natural hazards in terms of economic losses and the proportion of affected 

populations [7]. Their impacts include increased livestock mortality, forest fires, reduced 

agricultural productivity, declining reservoir storage levels, famine-related diseases, and 

population displacement [8]. 

Numerous definitions of drought can be found in the literature. For instance, Linsley 

[9] defined drought as “a sustained period without significant rainfall,” while Schneider 

[10] described it as “an extended period—a season, a year, or several years of deficient 

precipitation relative to the long-term statistical mean for a region.” Dai [11] characterized 

drought as “a recurrent extreme climate event over land surfaces, marked by below-nor-

mal precipitation over periods ranging from months to years. Likewise, the United Na-

tions Office for Risk Reduction [12] defined drought as “a naturally occurring phenome-

non that exists when precipitation has been significantly below recorded normal levels, 

causing serious hydrological imbalances that adversely affect land-resource production 

systems.” Despite differences in wording, these definitions share two common features: 

drought is a natural phenomenon, and it originates from persistent precipitation anoma-

lies that may develop in any climatic region, including areas that normally experience 

abundant rainfall. 

An important characteristic of drought is that it can occur under almost any climatic 

condition. Nevertheless, its manifestations, duration, and impacts vary considerably 

among regions because they depend on local factors such as precipitation seasonality, 

temperature, humidity, wind regimes, and physiographic characteristics that influence 

regional hydroclimatic dynamics. Consequently, drought monitoring and characteriza-

tion require methodologies capable of capturing both temporal and spatial variability [13]. 

In this context, standardized drought indices have become essential tools for water re-

sources management and climate risk assessment because of their simplicity, flexibility, 

and applicability across multiple temporal scales [14]. 

Mexico is located within a meteorologically complex region influenced by both the 

Pacific Ocean and the Gulf of Mexico–Caribbean Sea system, in addition to a highly het-

erogeneous topography. These factors confer distinct hydroclimatic characteristics to each 

region of the country. Precipitation regimes are strongly controlled by the subtropical 

high-pressure belt around 30 °N latitude and the Intertropical Convergence Zone (ITCZ) 

at lower latitudes. Moreover, a wide range of atmospheric and oceanic phenomena mod-

ulate climatic variability over Mexico, including the El Niño–Southern Oscillation 

(ENSO), mesoscale convective systems, tropical cyclones, cold fronts, and the North 

American Monsoon. 

The state of San Luis Potosí represents an especially relevant case study because it 

lies within a transition zone between the arid and semi-arid environments of northern 

Mexico and the humid tropical conditions of the Gulf Coastal Plain. This geographic set-

ting generates pronounced climatic and topographic gradients that produce substantial 

spatial heterogeneity in precipitation regimes and water availability. Furthermore, the 

state’s economy relies heavily on agricultural production and groundwater resources, 

making it particularly vulnerable to climate variability and drought-related impacts [15]. 

Despite its importance, relatively few studies have investigated the spatial variability of 

droughts and their hydroclimatic controls at the state scale. 

Several studies have addressed drought occurrence in the region. Among the earliest 

contributions are regional drought assessments focused on the Media Region using the 

Foley–Gibbs and Mahé methods [16]. Campos-Aranda [17] proposed a methodology for 
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constructing drought severity–area–frequency curves and applied it to the San Luis Potosí 

Valley. Additional studies include comparisons among drought indices based on records 

from three climatological stations [18] and the application of the Palmer Drought Severity 

Index to representative locations distributed across the state [19]. However, most previous 

investigations have concentrated on local analyses or on the comparison of drought indi-

cators, without explicitly addressing the spatial heterogeneity of drought regimes, their 

links with large-scale climate drivers, or their implications for hydrological systems. 

In recent decades, the increasing effects of climate change on precipitation patterns 

and temperature regimes worldwide have reinforced the need to understand the mecha-

nisms governing drought occurrence and persistence [5]. In particular, identifying the rela-

tionships between large-scale modes of climate variability and regional drought dynamics has 

become a priority for improving drought monitoring and forecasting systems. ENSO is recog-

nized as the dominant source of interannual climate variability worldwide and has been 

shown to exert a strong influence on precipitation regimes across many regions [20–23]. In 

Mexico, previous studies have documented significant ENSO-related effects on precipitation 

variability in states such as Sinaloa, Chihuahua and Baja California [24–26]. 

Despite the growing body of literature on drought variability in Mexico, important 

knowledge gaps remain regarding the identification of spatial drought patterns, the regional 

response to ENSO forcing, and the relationship between meteorological drought and stream-

flow dynamics. Addressing these issues requires integrated approaches that combine drought 

indices, multivariate statistical techniques, and hydrological analyses. 

The present study contributes to filling these gaps by providing a comprehensive char-

acterization of drought variability in San Luis Potosí through the integration of parametric 

drought indices, cluster analysis, empirical orthogonal functions, and hydroclimatic analyses. 

Specifically, the objectives of this study were: (i) to characterize the intensity, magnitude, and 

duration of drought events using the Standardized Precipitation Index at a 12-month accumu-

lation timescale based on records from 194 climatological stations during the period 1955–

2017; (ii) to identify the dominant precipitation regimes across the state; (iii) to determine the 

principal modes of drought variability using multivariate statistical techniques; (iv) to evalu-

ate the influence of ENSO phases on drought occurrence; and (v) to assess the relationship 

between drought and surface runoff variability through two representative hydrological sys-

tems: the Verde River and Gallinas River basins. 

In contrast to previous studies, which have generally focused on individual locations 

or a limited number of climatological stations, this study uses an extensive network of 

stations to characterize drought variability across San Luis Potosí at the state scale. Fur-

thermore, the application of empirical orthogonal function analysis provides a spatially 

explicit identification of the dominant drought patterns and their relationship with ENSO 

variability, while the integration with streamflow analysis provides an additional per-

spective on the hydrological expression of drought. 

2. Study Area 

The state of San Luis Potosí is located in northern Mexico and covers an area of ap-

proximately 60,980 km2, representing 3.3% of the national territory [27]. It is bordered by 

the states of Zacatecas, Nuevo León, and Tamaulipas to the north; Tamaulipas and Vera-

cruz to the east; Hidalgo, Querétaro, and Guanajuato to the south; and Zacatecas to the 

west (Figure 1). 

For administrative and socioeconomic purposes, San Luis Potosí is divided into four 

socioeconomic regions: Altiplano, Centro, Media, and Huasteca (Figure 1). According to 

INEGI [27], the Altiplano Region is the largest, covering 28,236 km2 and accounting for 

46.3% of the state territory. It is followed by the Media Region, which covers 12,605 km2 
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(20.6%), the Huasteca Region, with an area of 11,258 km2 (18.5%), and the Centro Region, 

the smallest of the four, covering 8881 km2 (14.5%). 

From a hydrological perspective, San Luis Potosí lies within two major hydrological re-

gions: the Pánuco Hydrological Region (RH26) and the El Salado Hydrological Region 

(RH37). The Pánuco Hydrological Region extends over approximately 96,989 km2 and rec-

orded a mean annual precipitation of 855 mm during the 1981–2010 climatological period [28]. 

In contrast, the El Salado Hydrological Region covers an area of 87,801 km2 and exhibits a 

considerably lower mean annual precipitation of 393 mm over the same period [28]. 

The state presents a marked hydrological contrast, as approximately 45.6% of its ter-

ritory belongs to RH26, while the remaining 54.4% lies within RH37. 

 

Figure 1. Geographic location of the State of San Luis Potosí, Mexico. 

3. Data 

Daily precipitation time series, daily mean streamflow records, and the Oceanic Niño 

Index (ONI) were used in this study. The ONI is based on a threshold of ±0.5 °C, calculated 

from the three-month running mean of Sea Surface Temperature (SST) anomalies in the Niño 

3.4 region. Spatial vector datasets were obtained from the National Water Information System 

(Sistema Nacional de Información del Agua, SINA;  https://sinav30.cona-

gua.gob.mx:8080/SINA/) (accessed on 23 June 2025) and were processed and managed using 

the open-source Geographic Information System (GIS) software QGIS (version 3.36.0). 

3.1. Precipitation Data 

Precipitation data were obtained from the database of the Mexican National Meteorolog-

ical Service (Servicio Meteorológico Nacional, SMN), which provides publicly accessible rec-

ords that can be downloaded in text-file format. The database is available at: https://smn.cona-

gua.gob.mx/es/climatologia/informacion-climatologica/informacion-estadistica-climatolog-

ica, accessed on 21 July 2026. The observations correspond to precipitation accumulated over 

the preceding 24-h period and are generally recorded at 08:00 a.m. local time [29]. Meteoro-

logical stations across Mexico contain varying lengths of historical data, with some records 

dating back to 1920 and most stations updated through 2018. 

Following a preliminary spatial analysis, climatological stations located within and 

around the state of San Luis Potosí were identified. To account for potential regional 

https://doi.org/10.3390/atmos17111085


Atmosphere 2026, 17, 1085 5 of 24 
 

https://doi.org/10.3390/atmos17111085 

influences near the state boundaries, an initial dataset comprising 287 stations was defined 

by applying a 20 km buffer zone beyond the state boundaries (Figure 2, left panel). Using 

the statistical software R (version 4.4.0), station records were analyzed to identify missing 

data. The study period was established as 1955–2017 based on data availability. 

Several quality-control criteria were applied to ensure the reliability of the dataset. 

Stations with more than 30% missing observations over the study period were excluded 

from the analysis. In addition, stations with more than 20% missing data during the rainy 

season (June–October) were also removed. The relatively permissive threshold was 

adopted to maximize the spatial coverage of the dataset while maintaining an acceptable 

level of data quality. After applying these selection criteria, the final dataset consisted of 

194 climatological stations, whose spatial distribution is shown in Figure 2 (right panel). 

 

Figure 2. Spatial distribution of the 287 climatological stations comprising the initial dataset (left 

panel) and the 194 stations retained for the analysis after quality-control and data-completeness 

screening (right panel). 

3.2. Runoff Data 

Monthly runoff volume records were obtained from the National Surface Water Da-

tabase (Banco Nacional de Aguas Superficiales, BANDAS) maintained by the National 

Water Commission (CONAGUA). The database is publicly available at: ftp://ftp.cona-

gua.gob.mx/Bandas/Bases_Datos_Bandas. The most recent update available at the time of 

this study corresponded to 2017. 

Table 1 summarizes the main characteristics of the two gauge stations selected for 

the analysis. Both stations are located within the Media Region of San Luis Potosí and 

monitor streamflow from two of the state’s principal hydrological systems. The Vigas sta-

tion (26389) is located in the Verde River basin, whereas the Gallinas station (26267) mon-

itors streamflow in the Gallinas River basin. 

Table 1. Characteristics of the gauge stations included in the study. 

Hydrological 

Region 
Id Name Latitude Longitude Period of Record 

Río Gallinas 

River 
26267 Gallinas 21.9347 −99.2500 1970–2017 

Río Verde 26389 Vigas 21.7847 −99.8500 1970–2017 

The stations were selected based on the availability of long-term continuous records 

and their location in basins with natural or minimally altered flow regimes, thereby re-

ducing the potential influence of major anthropogenic disturbances on runoff variability. 

Given that hydrological drought propagation may be affected by basin storage, ground-

water contributions, catchment characteristics, and human interventions, the selected 
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stations were considered appropriate for assessing the temporal variability of runoff in 

these two specific basins. 

To assess the temporal homogeneity of the streamflow records and identify potential 

abrupt changes in the flow regime, the non-parametric Pettitt test was applied to the an-

nual runoff volume series derived from the monthly records. A significance level of α = 

0.05 was adopted, such that p-values < 0.05 were considered statistically significant. For 

the Vigas (Verde River) station (26389), the Pettitt test identified 1982 as the candidate 

change-point year, with a p-value of 0.186. For the Gallinas River station (26267), the can-

didate change-point year was identified, with a p-value of 0.275 (Table 2). In both cases, 

the p-values were substantially greater than the adopted significance threshold, indicating 

that the identified candidate change points were not statistically significant. These results 

provide evidence of a low degree of detected temporal alteration in the annual runoff rec-

ords of the two basins during the study period. Consequently, the flow series were con-

sidered suitable for characterizing runoff variability and hydrological drought behavior 

in the Verde and Gallinas basins. 

Table 2. Pettitt test results for monthly runoff-volume series. 

Station Pettitt K Pettitt Break p Value Pettitt Result 

26267 7317 Nov/1994 0.27527 No significant change point 

26389 8554 Mar/1982 0.18651 No significant change point 

Both hydrometric stations belong to the Pánuco Hydrological Region (RH26). The drain-

age area upstream of the Vigas station is 7048.82 km2, while the Gallina station drains an area 

of 940.97 km2 (Figure 3). Because of the substantial difference in drainage area and the distinct 

hydrological characteristics of the two basins, the results and hydrological interpretations pre-

sented in this study are restricted to the Verde and Gallinas basins and are not intended to 

represent the Altiplano, Centro, or Huasteca regions of San Luis Potosí as a whole. 

 

Figure 3. Location of the study basins, showing their elevation ranges and corresponding stream-

flow gauging stations. 
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3.3. ENSO Index 

This study employs the Oceanic Niño Index (ONI), as defined by the National Oce-

anic and Atmospheric Administration (NOAA). The corresponding time series was ob-

tained from the NOAA Climate Prediction Center and is publicly available at: 

https://www.cpc.ncep.noaa.gov/products/analysis_monitoring/enso/oni/v6/, accessed on 

21 July 2026. 

The ONI is based on sea surface temperature anomalies in the Niño 3.4 region and is 

used as an indicator of the El Niño–Southern Oscillation (ENSO) to characterize its tem-

poral variability in terms of magnitude and occurrence. This index provides a standard-

ized measure of ENSO. The ONI was adopted in this study to characterize the influence 

of large-scale climate variability on drought occurrence and hydrological responses in the 

study area. 

4. Methods 

4.1. Quality Control and Homogenization of Precipitation Data 

Quality control of precipitation time series is a critical step in ensuring the reliability 

of subsequent analyses. Data homogenization is particularly important because changes 

in the environment surrounding meteorological stations and/or in observation conditions 

may introduce artificial discontinuities that affect the consistency of climatic records. 

In this study, quality control, missing data infilling, and homogenization were per-

formed using Climatol version 3.1.1 [30], implemented in the R programming environ-

ment through RStudio. Climatol reconstructs a reference series for each station using ob-

servations from neighboring stations, considering up to ten nearby stations by default and 

weighting their contributions according to distance. The reconstructed reference series is 

then compared with the original station record to generate an anomaly series, defined as 

the differences between the observed and reconstructed values [31]. Unlike methods that 

assume homogeneous time series a priori, Climatol explicitly accounts for the potential 

presence of inhomogeneities. The homogenization procedure is based on a relative ap-

proach, in which missing values are initially estimated using provisional means and 

standard deviations [32]. Once the series has been completed, these statistical parameters 

are recalculated, and the originally missing values are re-estimated. This iterative process 

continues until successive estimates of the means remain unchanged when rounded to the 

original data precision. 

The homogeneity of the climatic series was evaluated using the Standard Normal Ho-

mogeneity Test (SNHT), a widely applied nonparametric procedure for detecting inhomoge-

neities in climatological records [33]. A comprehensive description of the algorithms and pro-

cedures implemented in Climatol is provided in the software user manual [31]. 

Figure 4 illustrates the temporal availability of daily precipitation records for the 194 

climatological stations selected for this study. The analysis showed that 27.32% of the sta-

tions had less than 10% missing data, while 62.37% had less than 20% missing data. Only 

8.76% of the stations had complete records throughout the entire study period. These re-

sults indicate that, although some stations presented missing observations, most of the 

records had a relatively high degree of completeness and complied with the quality-con-

trol criteria established in this study. In particular, the stations included in the analysis 

were selected considering the predefined thresholds of no more than 30% missing data 

overall and no more than 20% missing data during the rainy season. 
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Figure 4. Data availability diagram of daily precipitation records for the 194 climatological stations 

analyzed using the CLIMATOL package. 

Missing observations were reconstructed, and the series homogenized using Clima-

tol. The complete initial network of 287 climatological stations was considered during this 

procedure, including stations currently classified as suspended, because many of these 

stations contain valuable historical records, particularly for the 1950–1980 period, and 

therefore provide additional spatial and temporal information for reconstructing neigh-

boring series. For each missing observation, up to four nearest stations with available data 

at the corresponding time step were used as references. Climatol estimates missing values 

using normalized series and weights the contribution of neighboring stations according 

to geographical distance, thereby allowing records from stations with different climato-

logical means to be combined. After reconstruction and homogenization, the established 

data-completeness criteria were applied, resulting in a final network of 194 stations used 

in the subsequent analyses. 

The study period was limited to 1955–2017 due to the availability and continuity of 

climatological records from the National Water Commission (CONAGUA). After 2017, a 

substantial proportion of the meteorological stations in San Luis Potosí showed discon-

tinuous records, and several stations were subsequently suspended, resulting in increased 

data gaps and reduced spatial and temporal consistency of the monitoring network. This 

temporal constraint represents a limitation of the present study, as the results do not cap-

ture hydroclimatic variability and drought conditions occurring after 2017. 

4.2. Identification of Precipitation Patterns 

Spatial patterns of precipitation were identified through hierarchical cluster analysis 

(HCA), an exploratory multivariate statistical technique widely used to classify observa-

tions into homogeneous groups according to their similarity [34]. For the hierarchical clus-

ter analysis, each climatological station was represented by a vector comprising 13 varia-

bles: the 12 mean monthly precipitation values corresponding to January through Decem-

ber and the station elevation (m a.s.l.). Prior to the cluster analysis, all variables were nor-

malized to ensure comparability among variables with different measurement scales and 

to avoid disproportionate influence on the calculation of inter-station distances. These 
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normalized variables were used to characterize the seasonal precipitation regime and al-

titudinal conditions of each station. Therefore, the clustering procedure was based on sim-

ilarities in the mean monthly precipitation patterns and elevation among stations and did 

not use the complete monthly time series, annual precipitation totals, or monthly anoma-

lies as clustering variables. The analysis was implemented in the R programming envi-

ronment using the complete linkage agglomeration method, with Euclidean distance 

adopted as the dissimilarity metric. 

Considering a dataset of N precipitation time series described by n variables 𝑋𝑗 (𝑗 =

1, 2, …… , 𝑛), hierarchical clustering aims to maximize the similarity among series within 

each cluster while maximizing the dissimilarity between different clusters [34]. This ap-

proach facilitates the identification of regions exhibiting similar precipitation regimes and 

provides an objective basis for the regionalization of precipitation patterns. 

4.3. Standardized Precipitation Index (SPI) 

The Standardized Precipitation Index (SPI) is a widely used drought indicator that 

quantifies precipitation deficits over multiple time scales, making it suitable for the as-

sessment of drought conditions of varying duration. Short accumulation periods (e.g., one 

month) are particularly relevant for agricultural applications, whereas longer time scales 

are more appropriate for evaluating water availability and hydrological drought [35]. 

The SPI is computed by fitting the precipitation frequency distribution of the precip-

itation series 𝑋𝑗 (𝑗 = 1, 2, …… , 𝑛) to a theoretical probability density function, which is 

subsequently transformed into a standardized normal distribution [36]. In this study, a 

two-parameter Gamma probability distribution was adopted to model precipitation data 

prior to the standardization process. 

𝐹(𝑥) = ∫ (
𝑥𝛼−1𝑒

−
𝑥
𝛽

𝛽𝛼Γ(𝛼)
)𝑑𝑥

𝑥

0

 (1) 

where α is the shape parameter, 𝛽 is the scale parameter and Γ(∙) denotes the Gamma 

function. 

𝛼 =
1

4𝐴
(1 + √1 +

4𝐴

3
) (2) 

𝛽 =
𝑥̅

𝛼
 (3) 

𝐴 = 𝐿𝑛(𝑥̅) −
∑ ln(𝑥)𝑛
𝑖=0

𝑛
 (4) 

The cumulative probability distribution is subsequently transformed into a standard 

normal distribution (with a mean of 0 and a variance of 1), and the resulting standardized 

values correspond to the Standardized Precipitation Index (SPI) [36]. In this study, the SPI 

was computed at a 12-month accumulation timescale (SPI-12). This timescale is particu-

larly suitable for identifying long-term meteorological droughts and assessing their im-

pacts on streamflow and water storage conditions, thereby providing an indicator of pro-

longed hydrological stress. 

4.4. Correlation and Variance Analysis 

The Kendall’s rank correlation coefficient (Kendall’s Tau) was used to quantify the 

degree of association between two variables. As a nonparametric, rank-based statistic, 

Kendall’s Tau is robust to outliers and less sensitive to deviations from linearity than 
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parametric correlation measures [37]. Similar to other correlation coefficients, Kendall’s Tau 

ranges from −1 to 1, where the sign indicates the direction of the association and the magnitude 

reflects its strength. Statistical significance was assessed at a 95% confidence level. 

To examine the spatiotemporal variability of the Standardized Precipitation Index 

(SPI), Empirical Orthogonal Function (EOF) analysis was performed. EOF analysis is a 

widely used variance decomposition technique that identifies the dominant modes of var-

iability in multivariate datasets [38]. In this study, EOF analysis was applied to the SPI-12 

dataset to reduce its dimensionality and identify the dominant patterns of temporal vari-

ability together with their corresponding spatial distributions. This approach facilitates 

the interpretation of the principal modes governing long-term drought variability across 

the study area. 

5. Results 

5.1. Precipitation Regimes and Temporal Variability 

Figure 5 illustrates the spatial distribution of mean monthly precipitation across the 

state of San Luis Potosí for the 1955–2017 period. A pronounced unimodal precipitation re-

gime is evident, characterized by a well-defined wet season extending from June to October, 

transitional months in May and November, and a dry season from December to May. 

From a spatial perspective, the Huasteca region exhibits the highest precipitation 

amounts, reflecting the strong influence of moisture transport associated with the dominant 

atmospheric circulation patterns during the Mexican summer, including tropical cyclones 

and the northward migration of the Intertropical Convergence Zone (ITCZ). In contrast, the 

Altiplano and Centro regions represent the driest areas of the state. The Media Region dis-

plays an intermediate precipitation regime, with relatively low rainfall in its eastern sector 

and progressively wetter conditions toward its boundary with the Huasteca region. 

 

Figure 5. Spatial distribution of mean monthly precipitation across the state of San Luis Potosi. 

The results of the hierarchical cluster analysis of precipitation regimes are presented 

in the dendrogram shown in Figure 6. At a linkage distance of 3000, two major clusters 

were identified. The first cluster comprises the Media Region and the Huasteca region, 

whereas the second cluster groups the Altiplano and Centro regions, which exhibit a more 
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homogeneous precipitation regime. The greater variability observed within the first clus-

ter is readily apparent. 

Reducing the linkage distance to 2500 provides a more detailed representation of the 

clustering structure, revealing three distinct clusters. The first cluster identified at the pre-

vious level is subdivided into two groups: the first corresponds to the western sector of 

the Huasteca region, while the second includes the eastern Huasteca together with the 

Media Region. The third cluster is composed of the Altiplano and Centro regions. 

Based on the hierarchical clustering procedure and the spatial distribution of the re-

sulting groups, a six-cluster solution was adopted to characterize the regional variability 

of precipitation patterns across the study area. 

 

Figure 6. Dendrogram illustrating the hierarchical clustering of precipitation regimes. 

Figure 7 shows the spatial distribution of the meteorological stations according to the 

hierarchical cluster analysis. A high degree of homogeneity in precipitation regimes is evi-

dent for the Altiplano and Centro regions, which are grouped within Cluster 6, whereas this 

cluster exhibits a clear dissimilarity from the Media Region and the Huasteca region. 

Most climatological stations within the Media Region are assigned to Cluster 5, indi-

cating relatively homogeneous precipitation characteristics across this region. In contrast, 

the Huasteca region exhibits the greatest spatial variability, where four homogeneous 

clusters were identified. Clusters 1 and 2 are primarily located in the central and southern 

portions of the region, Cluster 3 comprises stations situated along the transition zone be-

tween the Media Region and the Huasteca, and Cluster 4 includes the climatological sta-

tions located in the northeastern part of the Huasteca region. 

The mean monthly precipitation regime for each cluster is presented in Figure 8. All 

clusters exhibit a well-defined unimodal precipitation regime, although substantial differ-

ences are observed in the magnitude of monthly precipitation totals. In five of the six clus-

ters, September corresponds to the month with the highest mean precipitation, indicating 

the peak of the regional rainy season. 
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Figure 7. Spatial distribution of the six precipitation regime clusters identified through the multi-

variate analysis. 

 

Figure 8. Mean monthly precipitation regimes for the six precipitation clusters. 

5.2. Estimation of Drought Magnitude, Duration and Intensity 

A Python (version 3.13)-based program was developed to compute the Standardized 

Precipitation Index (SPI) by implementing the SPI methodology, while data processing 

and management were performed using the R programming language. The SPI was cal-

culated for each of the 194 climatological stations over the period from January 1955 to 

December 2017. The analysis was conducted using the 12-month Standardized Precipita-

tion Index (SPI-12), which is suitable for assessing long-term drought conditions and their 

impacts on water resources. 

https://doi.org/10.3390/atmos17111085


Atmosphere 2026, 17, 1085 13 of 24 
 

https://doi.org/10.3390/atmos17111085 

Positive SPI values indicate precipitation above the long-term mean, whereas nega-

tive values indicate below-average precipitation [39]. Because the SPI is a standardized 

index, both wet and dry conditions can be represented on the same scale, allowing con-

sistent monitoring of hydroclimatic variability over time. Table 3 summarizes the SPI clas-

sification and the corresponding drought and wetness categories adopted in the National 

Drought Monitor of the National Water Commission of Mexico (CONAGUA) 

Table 3. SPI classification and corresponding drought and wetness categories. 

SPI Value  Condition 

≥2  Exceptionally Wet 

1.60 to 1.99  Extremely Wet 

1.30 to 1.59  Severely Wet 

0.80 to 1.29  Moderately Wet 

0.51 to 0.79  Mildly Wet 

0.50 to −0.50  Near Normal 

−0.51 to −0.79  Mildly Dry 

−0.80 to −1.29  Moderately Dry 

−1.30 to −1.59  Severely Dry 

−1.60 to −1.99  Extremely Dry 

≤−2  Exceptionally Dry 

Once the Standardized Precipitation Index (SPI) had been computed for the 194 cli-

matological stations, Empirical Orthogonal Function (EOF) analysis was performed in 

RStudio (version 2024.09.1) to examine the dominant modes of spatiotemporal variability. 

Because the SPI is a standardized index, no additional normalization of the time series 

was required prior to the analysis. 

The results of the EOF analysis are summarized in Figure 9a. The first two EOF 

modes accounted for 67% of the total variance and were therefore considered representa-

tive of the dominant patterns of SPI variability. The first EOF mode explained 46% of the 

total variance and primarily characterized SPI variability across the Media region and the 

Huasteca region (Figure 9b). The second EOF mode, which explained 21% of the total 

variance, was mainly associated with the Altiplano and Centro regions (Figure 9b). 

Higher-order EOF modes were not considered because the proportion of explained vari-

ance decreased markedly beyond the second mode, indicating a limited contribution to 

the representation of the dominant spatial variability. 

The principal drought events identified from the first two EOF modes of the SPI are 

presented in Figure 10. Drought events were defined as periods during which the SPI 

remained below −0.50 for at least nine consecutive months, corresponding to mildly dry 

conditions according to the adopted SPI classification. Based on this criterion, 14 drought 

events were identified for the first EOF mode and 11 events for the second mode. Several 

drought episodes affected the entire state, although their timing, duration, and intensity 

varied among regions. A notable example is the 2011 drought, which exhibited different 

temporal evolution and severity across the study area. 
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Figure 9. (a) Loadings of the first two Empirical Orthogonal Function (EOF) modes extracted from 

the SPI variance decomposition. (b) Spatial distribution of climatological stations with loadings 

greater than 0.50 for the first two EOF modes. 

 

Figure 10. Principal drought events identified from the first two Empirical Orthogonal Function 

(EOF) modes of the Standardized Precipitation Index (SPI). 

Table 4 presents the magnitude, duration, and peak intensity of each identified 

drought event. The most intense drought associated with the first EOF mode occurred 

during 1982–1983, whereas the 2011–2012 event exhibited the highest intensity in the sec-

ond EOF mode. The spatial patterns of these two major drought events are shown in Fig-

ures 11 and 12, respectively. The 1982–1983 drought exhibited its greatest severity in the 

Media and Huasteca regions, whereas the 2011–2012 drought, although affecting most of 

the state, showed its greatest duration and severity in the Altiplano and Centro regions. 
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Table 4. Characteristics of the principal drought events identified from the first two Empirical Or-

thogonal Function (EOF) modes of the Standardized Precipitation Index (SPI). 

F
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r1

 

No 
Magni-

tude 

Peak In-

tensity 

Star 

Date 

End 

Date 

Dura-

tion 

(Months

) 

F
ac

to
r2

 

No 
Magni-

tude 

Peak In-

tensity 
Star Date 

End 

Date 

Duration 

(Months) 

1 9.71 1.02 jul-57 may-58 11 1 9.93 1.75 sep-56 sep-57 13 

2 37.75 1.66 jul-62 jun-65 36 2 26.97 1.76 dec-61 nov-63 24 

3 8.22 1.41 jul-77 abr-78 10 3 1.91 1.91 aug-69 ago-70 13 

4 13.51 1.51 jun-80 may-81 12 4 21.76 2.22 jul-74 jun-75 12 

5 25.93 2.48 jun-82 jul-83 14 5 11.46 1.64 sep-79 sep-80 13 

6 11.29 1.44 sep-87 jul-88 11 6 8.12 1.11 jan-82 sep-82 9 

7 11.23 0.94 jul-89 aug-90 14 7 13.66 1.85 jun-89 abr-90 11 

8 27.86 1.12 sep-94 mar-97 31 8 1.28 1.28 may-93 may-94 13 

9 17.12 1.89 aug-97 aug-98 13 9 60.53 2.37 abr-98 aug-01 41 

10 30.71 1.63 jun-01 sep-03 28 10 11.70 1.71 sep-05 jun-06 10 

11 14.03 1.76 sep-04 sep-05 13 11 22.70 2.79 feb-11 may-12 16 

12 18.15 2.22 jul-06 jul-07 13        

13 8.50 1.14 sep-09 jun-10 10        

14 8.20 1.33 jan-13 aug-13 9        

The drought events with the greatest magnitude were those occurring during 1962–

1965 for the first EOF mode and 1998–2001 for the second EOF mode. The former primarily 

affected the Media Region and the Huasteca region, whereas the latter predominantly im-

pacted the Altiplano and Centro regions. These events also coincide with the longest 

drought durations identified in each EOF mode. 

 

Figure 11. Spatial distribution of the 12-month Standardized Precipitation Index (SPI-12) during 2011. 
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Figure 12. Spatial distribution of the 12-month Standardized Precipitation Index (SPI-12) during 

1982–1983. 

5.3. Influence of ENSO on the Frequency of Drought Events 

The influence of low-frequency climate variability, represented by the El Niño–

Southern Oscillation (ENSO), on the occurrence of drought events in San Luis Potosí was 

evaluated using correlation analysis between the Oceanic Niño Index (ONI) and the dom-

inant modes of SPI variability derived from the Empirical Orthogonal Function (EOF) 

analysis. The results indicate a statistically significant relationship between ENSO varia-

bility and the occurrence of severe drought events. 

Figure 13 presents the scatter plots together with the corresponding Kendall’s Tau 

correlation coefficients. Statistically significant correlations were identified at the 5% sig-

nificance level (p < 0.05). Specifically, the first EOF mode of the SPI exhibited a negative 

correlation with the ONI, whereas the second EOF mode showed a positive correlation 

with the ONI. These findings suggest that the influence of ENSO on drought variability 

differs between the dominant precipitation regimes identified in the study area. 

 

Figure 13. Scatter plots of the two components extracted from the variance analysis of the Standard-

ized Precipitation Index (SPI) and the Oceanic Niño Index (ONI) for different time lags. (k denotes 

the time lag, in months). 

The results indicate that drought events in the Media and Huasteca regions are likely 

modulated by low-frequency climate variability. The relationship is clearly nonlinear, 

highlighting the complexity of the underlying climate–drought interactions. The major 
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droughts that occurred during 1982–1983 and 1997–1998, two of the most severe drought 

episodes recorded in Mexico, coincided with strong El Niño events (positive ENSO 

phase). This finding is consistent with previous studies reporting a reduction in precipi-

tation across Mexico during El Niño episodes [40–42]. 

The occurrence of droughts in the state of San Luis Potosí exhibits a significant rela-

tionship with El Niño events, particularly during the most intense episodes (Figure 12). 

However, the results also indicate that variability in drought frequency across the Alti-

plano and Centro regions, represented by the second variance component, is more 

strongly associated with the negative ENSO phase (La Niña). A representative example is 

the severe drought that affected the state during 2010–2012, with particularly pronounced 

impacts in the Altiplano and Centro regions. This drought coincided with a strong La 

Niña event that persisted from June 2010 to March 2012. The highest correlation was ob-

served with a 3-month lag, after which the correlation strength progressively declined. 

The relationships identified through the variance analysis are further supported by 

the correlation surfaces presented in Figure 14. The observed correlations remain relatively 

stable over time, reflecting the fact that the Oceanic Niño Index (ONI) is derived from sea 

surface temperature (SST) anomalies, whose temporal evolution is gradual owing to the 

ocean’s large heat storage capacity. Positive correlations are predominantly associated with 

SPI values calculated at stations located in the Media and Huasteca regions, whereas negative 

correlations are mainly observed at stations in the Altiplano and Centro regions. Although 

numerous studies have investigated the influence of ENSO on climate variability in Mexico, 

the work of Magaña et al. [43] remains one of the earliest and most comprehensive contribu-

tions to the subject and continues to serve as a seminal reference in this field. 

 

Figure 14. Correlation surfaces between the SPI and ONI. (k denotes the time lag in months). 

5.4. Effects of Drought Events on the Variability of Streamflow Regimes in the Verde and  

Gallinas River Basins 

The literature recognizes the Standardized Precipitation Index (SPI), particularly at 

the 12-month accumulation timescale, as an effective indicator for assessing the impact of 

precipitation deficits on surface runoff in river systems [44]. This section examines the 

relationship between the SPI and the variability of streamflow volumes in the Verde River 

and Gallinas River hydrological systems. 

Figure 15 presents scatter plots of the first SPI factor (the first component extracted 

from the variance analysis) against monthly streamflow volumes, which were computed 

from the mean daily discharge records obtained from the BANDAS database. The first SPI 

component was selected because it was found to be statistically associated with precipita-

tion variability in the Media and Huasteca regions. The scatter plots reveal that high stream-

flow volumes in both basins are associated with positive SPI values, whereas low stream-

flow volumes correspond to negative SPI values. The Kendall’s tau correlation coefficients 

https://doi.org/10.3390/atmos17111085


Atmosphere 2026, 17, 1085 18 of 24 
 

https://doi.org/10.3390/atmos17111085 

were 0.330 for the Vigas hydrometric station and 0.380 for the Gallinas hydrometric station, 

with both correlations being statistically significant at the 95% confidence level. 

An important finding is that streamflow volumes decline markedly once the SPI be-

comes negative, with the reduction becoming particularly pronounced for SPI values be-

low −0.5. The coherence diagrams shown in Figure 15 indicate that periods of above-nor-

mal precipitation allow the hydrological system to recover. However, they also reveal 

prolonged intervals, lasting several years, during which precipitation remained below the 

climatological average. Such episodes occurred during 1982–1983, 1997–1998, 2006–2007, 

and 2010–2011, affecting extensive areas of the state of San Luis Potosí. 

The Verde River constitutes the most important hydrological system in the Media 

region. Based on an analysis of the Public Registry of Water Rights (REPDA), the total water 

volume allocated within the study basin, upstream of the Vigas hydrometric station, is ap-

proximately 197 Mm3. Groundwater accounts for 74.7% of the allocated water resources, 

whereas surface water represents only 25.3%. The agricultural sector is the dominant water 

user, accounting for 86.7% of the allocated volume, followed by the urban public supply sector 

with 8.0%. As water availability is a key driver of economic development, effective water re-

sources management is essential to ensure long-term water security in the state. 

The Standardized Precipitation Index (SPI) represents a valuable tool for the man-

agement of surface water resources in San Luis Potosí. Its methodology is straightforward 

and flexible, enabling its application across multiple accumulation timescales and making 

it suitable for a wide range of hydrological and water resources management applications. 

 

Figure 15. (Left panel): association diagrams between SPI and runoff volume in the Verde River basin. 

(Right panel): association diagrams between SPI and runoff volume in the Gallinas River basin. 

6. Discussion 

The results reveal marked spatial differences in the temporal variability of droughts 

across the state of San Luis Potosí, reflecting the influence of regional climatic controls and 

large-scale atmospheric forcing. The cluster analysis identified six precipitation regimes, 

confirming the pronounced hydroclimatic heterogeneity of the state and highlighting the 

transition between the arid and semi-arid conditions of northern Mexico and the humid 

environments associated with the Gulf of Mexico. Similar spatial contrasts have been doc-

umented in previous studies, which emphasize the combined effects of topography, 
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atmospheric circulation, and ocean–atmosphere interactions on precipitation variability 

over Mexico [45–47]. 

The precipitation regime in San Luis Potosí is characterized by a predominantly uni-

modal seasonal pattern, with the rainy season extending from June to October. September 

represents the month with the highest precipitation totals across most regions of the state. 

Cluster analysis of precipitation patterns revealed substantial spatial heterogeneity in the 

climatological precipitation normal, identifying six distinct precipitation groups. The re-

sults indicate that the Altiplano, Centro, and Media regions are strongly influenced by the 

subtropical high-pressure belt, whereas the Huasteca region is primarily affected by the 

dominant summer meteorological systems over Mexico, including easterly waves, tropi-

cal cyclones, and the Intertropical Convergence Zone (ITCZ) [45,48,49]. These systems en-

hance atmospheric moisture transport into the region, while the pronounced topographic 

gradient between the coastal lowlands and the higher elevations further modulates the 

spatial distribution of precipitation. 

The contrasting response of the four regions to ENSO variability can be understood 

in terms of their distinct atmospheric controls. The Altiplano and Centro regions are 

strongly influenced by the subtropical high-pressure belt over northern Mexico, which 

limits moisture transport and promotes subsidence conditions. During La Niña events, 

the strengthening of the Walker circulation and the westward displacement of convection 

over the tropical Pacific reinforce subsidence over northern Mexico, reducing precipita-

tion and intensifying drought conditions [43,50,51]. Consequently, these regions exhibit a 

greater sensitivity to cold ENSO phases. 

In contrast, the Media and Huasteca regions are more strongly affected by moisture 

advection from the Gulf of Mexico and by tropical atmospheric systems, including east-

erly waves, tropical cyclones, and the northward migration of the Intertropical Conver-

gence Zone (ITCZ). During El Niño episodes, anomalous warming in the equatorial Pa-

cific modifies the Walker circulation and alters the position and intensity of the subtropi-

cal jet stream, reducing moisture transport toward eastern Mexico and weakening sum-

mer convection [50,52,53]. As a result, drought occurrence in these regions appears to be 

associated primarily with the warm ENSO phase. The contrasting response of the two 

dominant drought patterns to ENSO can be interpreted in terms of the different climato-

logical and geographic controls on precipitation across San Luis Potosí. In the eastern and 

wetter region, precipitation is strongly influenced by moisture transport from the Gulf of 

Mexico and by the interaction between regional circulation and the subtropical high-pres-

sure systems. During El Niño events, changes in the Walker circulation and associated 

large-scale atmospheric circulation may enhance subsidence and modify the position and 

intensity of the subtropical high-pressure belt, thereby weakening or redirecting moisture 

transport toward eastern San Luis Potosí and favoring drier conditions. In contrast, the 

northern and climatologically drier region has a different moisture regime and is less de-

pendent on persistent Gulf of Mexico moisture transport. Therefore, the same ENSO-re-

lated circulation anomalies may have a weaker or different effect on precipitation in this 

region. The opposite ENSO responses identified by the EOF analysis thus suggest that 

drought variability in San Luis Potosí is spatially heterogeneous and results from the in-

teraction between large-scale ocean–atmosphere forcing and regional hydroclimatic char-

acteristics, rather than from a uniform ENSO signal across the state. 

The nonlinear relationship identified between ENSO variability and drought occur-

rence confirms that ENSO is not the sole mechanism controlling hydroclimatic extremes 

in San Luis Potosí. Although several of the most severe drought episodes coincided with 

major ENSO events—particularly those of 1982–1983, 1997–1998, and 2015–2016—other 

drought periods occurred under neutral conditions, suggesting the influence of additional 

modes of climate variability. Previous studies have highlighted the potential contribution 
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of the Pacific Decadal Oscillation (PDO), the Atlantic Multidecadal Oscillation (AMO), 

and land atmosphere feedbacks in modulating drought persistence over Mexico [47,54]. 

The multivariate analysis of SPI-12 revealed coherent drought patterns affecting mul-

tiple regions simultaneously, although with differences in duration and intensity. The first 

component mainly represents drought variability in the Media and Huasteca regions, 

whereas the second component captures variability associated with the Altiplano and 

Centro regions. This spatial organization reflects the existence of two dominant hydrocli-

matic domains within the state: one controlled primarily by continental and subtropical 

atmospheric processes and another influenced by tropical moisture sources. 

The identified drought episodes are consistent with previous studies conducted in 

Mexico. For example, the severe drought of 2011–2012, recognized as the most intense 

event affecting the country in recent decades [28], was clearly detected by both principal 

components. Likewise, the droughts associated with the strong El Niño episodes of 1982–

1983 and 1997–1998 have been documented in previous analyses of precipitation variabil-

ity across northern and central Mexico [50,55]. 

The analysis of runoff regimes in the Verde and Gallinas river systems demonstrates 

that SPI-12 constitutes a valuable indicator for understanding hydrological drought prop-

agation. Significant associations between meteorological drought conditions and reduc-

tions in runoff volumes were observed in both basins, although the strength of the rela-

tionship varied between watersheds. These differences likely reflect basin-specific charac-

teristics, including drainage area, groundwater contributions, storage capacity, land 

cover, and antecedent moisture conditions. Similar findings have been reported in other 

Mexican basins, where hydrological responses to meteorological drought exhibit substan-

tial spatial variability [56,57]. 

From a water-management perspective, the results underscore the potential utility of 

drought indicators such as SPI-12 for developing early warning systems and supporting 

decision-making processes. Given the economic importance of agriculture and livestock 

production in San Luis Potosí, improved drought monitoring could contribute to optimiz-

ing reservoir operations, implementing adaptive irrigation strategies, and reducing the 

vulnerability of rural communities. Moreover, the identification of region-specific re-

sponses to ENSO may enhance seasonal forecasting capabilities and strengthen climate 

adaptation strategies under future climate-change scenarios. 

An important limitation of this study is the temporal extent of the climatological rec-

ords, which restricts the analysis to the 1955–2017 period. Although this interval provides 

a sufficiently long record to characterize historical drought variability and its spatial pat-

terns across San Luis Potosí, the discontinuity and suspension of several CONAGUA sta-

tions after 2017 prevented the inclusion of more recent years without substantially reduc-

ing the spatial coverage and consistency of the monitoring network. Consequently, the 

results presented here should be interpreted as representative of hydroclimatic and 

drought conditions during the analyzed period and do not account for events occurring 

after 2017. Future studies incorporating updated and sufficiently consistent observations, 

as well as complementary data sources such as satellite and reanalysis products. 

7. Conclusions 

This study characterized meteorological drought variability in San Luis Potosí using 

SPI-12 records derived from 194 climatological stations spanning the period 1955–2017. 

The results confirm the existence of pronounced hydroclimatic heterogeneity across the 

state, driven by the interaction among atmospheric circulation patterns, topographic gra-

dients, and large-scale climate variability. 

Cluster analysis identified six precipitation regimes, highlighting substantial differ-

ences in rainfall seasonality and magnitude among the Altiplano, Centro, Media, and 
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Huasteca regions. The Altiplano and Centro regions exhibit a stronger influence of the sub-

tropical high-pressure belt, whereas the Media and Huasteca regions are more strongly af-

fected by moisture transport from the Gulf of Mexico and by tropical atmospheric systems. 

The multivariate analysis of SPI-12 revealed two dominant modes of drought variability, 

allowing the identification of fourteen drought events associated with the first component and 

eleven events linked to the second component. Several drought episodes affected the entire 

state, although their temporal evolution and severity varied considerably among regions. 

The analysis of ENSO influence demonstrated that drought occurrence in San Luis Potosí 

is modulated by large-scale climate variability, although the relationship is nonlinear and spa-

tially heterogeneous. The Altiplano and Centro regions exhibit stronger drought conditions 

during La Niña episodes, whereas drought occurrence in the Media and Huasteca regions is 

more closely associated with El Niño conditions. These contrasting responses reflect the dis-

tinct atmospheric mechanisms governing precipitation across the state. 

The association between SPI-12 and runoff volumes in the Verde and Gallinas river 

basins confirms the usefulness of drought indices for explaining hydrological variability 

and evaluating the propagation of meteorological drought into surface-water systems. 

The results suggest that drought indicators can provide valuable information for reservoir 

management, agricultural planning, and water-allocation strategies. 

Given projections of increasing hydroclimatic variability under climate change, 

strengthening drought-monitoring and forecasting systems is essential to reduce vulner-

ability in water-dependent sectors. Future research should explore the combined effects 

of ENSO, the Pacific Decadal Oscillation, and the Atlantic Multidecadal Oscillation, as 

well as incorporate climate projections and basin-scale analyses to improve drought pre-

diction and support long-term adaptation strategies in San Luis Potosí. 

Previous studies based on long-term climate reconstructions have shown that the 

ENSO teleconnection is non-stationary and that the PDO and AMO can modulate the 

strength of ENSO-related climate responses [58]. In particular, the PDO appears to exert 

a stronger influence on ENSO-related hydroclimatic variability than the AMO, although 

the magnitude and statistical significance of this modulation vary over time. Positive PDO 

phases may enhance the dry conditions associated with El Niño, whereas negative PDO 

phases may reinforce the wet conditions associated with La Niña. However, these effects 

are not necessarily statistically significant throughout the entire record and may occur 

only during specific periods. 
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