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Abstract


The Standardized Precipitation Index (SPI) is widely used to determine drought severity worldwide. However, inconsistencies exist regarding its application in warm, humid tropical climatic zones. Originally developed for temperate regions with a continental climate, the index may not adequately reflect drought conditions in tropical environments where rainfall regimes differ substantially. This study identifies the following two principal reasons why the traditional calculation method fails to characterize drought severity in tropical domains: first, the marked humidity contrast between the consistently humid rainy season and the rest of the year, and second, the diverse drought types in tropical regions, which include both long-term and short-term events. Using data from meteorological stations in Mexico’s humid tropics and comparing them with temperate regions, the study demonstrates significant discrepancies between SPI-based drought classifications and actual precipitation patterns. Our analysis shows that the abundant precipitation during the rainy season causes biases in longer time scales integrated into multivariate drought indices. Considerations are established for adapting the SPI for decision makers who monitor drought in humid tropics, with specific recommendations on time scale limits to avoid biases. This work contributes to more accurate drought monitoring in tropical regions by addressing the unique climatic characteristics of these environments.
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1. Introduction


Natural disasters cause increasingly costly damage to human infrastructure worldwide [1]. Among these disasters, drought affects the largest territorial extension [2] and impacts multiple sectors, including agriculture, economy, human health, and water resources. In tropical regions, drought monitoring faces unique challenges due to pronounced seasonal precipitation contrasts, yet existing drought indices were developed for temperate climates with fundamentally different rainfall regimes [3,4]. This mismatch between index design and the characteristics of tropical climates raises critical questions about the accuracy of drought assessments in these regions.



To quantify drought severity, researchers have developed various indices to measure drought as a function of time [5,6]. The Palmer Drought Severity Index (PDSI) [7] and the Standardized Precipitation Index (SPI) [8] remain among the most widely used indices [9,10]. However, the PDSI is rarely implemented in low- and middle-income tropical countries because it requires extensive data beyond precipitation, including evapotranspiration, runoff, and soil moisture information [11], which is often unavailable or incomplete in these regions. Additionally, the PDSI has shown inconsistencies in drought trend measurements in tropical areas [12] and is not well suited for regions experiencing wide variations in precipitation or temperature extremes [5].



The SPI offers an alternative that only requires precipitation data, making it more accessible for tropical countries where such data can be obtained from international or national databases. Consequently, it has been recommended for drought studies in tropical domains like Mexico [13,14] and is used as a reference for drought response policies in Mexico for comprehensive and preventive management [15].



However, since the SPI is based solely on precipitation, it may overestimate or underestimate drought characteristics under changing climatic conditions. Recent studies have highlighted additional concerns about the SPI’s performance under global warming scenarios. Vicente-Serrano et al. [9] demonstrated that rising temperatures increase atmospheric evaporative demand, making precipitation-only indices insufficient for capturing actual drought severity. Trenberth et al. [16] demonstrated that global warming intensifies the hydrological cycle, resulting in more extreme precipitation events that can mask underlying drought trends when using precipitation-based indices. Similarly, Cook et al. [17] found that temperature-driven increases in evapotranspiration demand can create “hot droughts” that the SPI fails to detect adequately. These limitations are particularly pronounced in tropical regions, where high temperatures and humidity create complex interactions between precipitation patterns and actual water availability [18,19].



Indeed, a significant knowledge gap exists regarding the suitability of the SPI for tropical regions. The index was originally developed in the temperate United States (specifically Iowa, Kansas, and North Dakota), where climatic conditions differ markedly from those of tropical regions. While the SPI can be calculated for periods ranging from 1 to 48 months, previous research has raised questions about its universal applicability. Sanz Donaire [20] identified potential high positive biases when calculating the index for all months without the consideration of seasonal patterns. This raises important questions about the SPI’s effectiveness in tropical regions, where precipitation regimes differ significantly from those in temperate zones.



Differences in atmospheric circulation between tropical and temperate regions create distinct precipitation regimes that affect how drought develops and manifests [21]. These differences are critical to understanding why drought indices developed for temperate regions may perform poorly in tropical environments [22]. In tropical areas, atmospheric circulation dominated by the Hadley cell creates seasonal precipitation patterns that are fundamentally different from those in temperate zones [23]. The seasonal migration of the Intertropical Convergence Zone (ITCZ) creates pronounced wet and dry seasons in many tropical regions, including Mexico and Central America [24]. Unlike mid-latitude regions where frontal systems dominate precipitation mechanisms [Hoskins], tropical areas experience convective precipitation driven by solar heating and moisture convergence [25]. Additional tropical weather systems, such as easterly waves, synoptic gyres, and tropical cyclones, significantly contribute to the total annual rainfall in Mesoamerica [26,27,28]. In western Mexico, the North American Monsoon significantly modifies summer precipitation patterns, bringing pronounced wet seasons that contrast sharply with temperate precipitation regimes [29].



In contrast, temperate regions experience atmospheric circulation dominated by the prevailing westerlies and transient mid-latitude cyclones [30]. Precipitation mechanisms vary distinctly by season and place. In the central U.S., during spring, the Great Plains Low-Level Jet drives moisture convergence, creating conditions favorable for frontal and convective precipitation systems along boundaries where warm, moist air masses collide with cooler, drier air [31]. Summer precipitation shifts to a regime dominated by diurnal heating and localized convection, resulting in isolated thunderstorms that are less organized than those in spring [31]. Cold-season precipitation is limited by the moisture-holding capacity of colder air, creating natural constraints on precipitation intensity. Overall, precipitation tends to be more evenly distributed throughout the year in temperate regions outside monsoon-influenced areas.



These fundamental differences in precipitation mechanisms affect how drought develops. In temperate regions, drought often evolves gradually as persistent high-pressure systems block frontal passages over extended periods, with deficits accumulating progressively throughout the year [32]. In monsoon-influenced regions, delayed onset or weakened monsoon circulation can quickly lead to significant drought conditions during what should be the wettest period of the year [33]. In tropical regions, the timing of precipitation deficits is critical—deficits during the dry season may limit hydrological significance, while deficits during the expected wet season can rapidly lead to agricultural and hydrological impacts [34]. Changes in rain event frequency often matter more than total precipitation volume; reducing the number of rainy days during the wet season can create “hidden droughts” that impact agriculture even if seasonal totals remain near normal [34]. The convective nature of tropical rainfall and sharp seasonal transitions can lead to more rapid drought onset and recovery than in temperate regions [35]. Additionally, in tropical forests, a significant portion of precipitation originates from local evapotranspiration, which can be disrupted during dry periods, thereby intensifying drought conditions through feedback mechanisms that are less prominent in temperate areas.



These meteorological differences pose a challenge to the application of standardized drought indices which were developed for temperate climates. While the SPI mathematically standardizes precipitation anomalies relative to local climate, it does not account for these fundamental differences in precipitation mechanisms, timing significance, and drought development processes. Despite being standardized to climatological normal [36] to theoretically remove seasonal trends, the SPI may not adequately capture the unique characteristics of tropical precipitation patterns or monsoon-influenced regions. In areas affected by the North American Monsoon, standard drought indices may not properly represent the rapid transitions between dry and wet conditions or the critical importance of monsoon timing and intensity. Similarly, in tropical regions, the pronounced seasonal contrast between wet and dry periods, as well as the different types of droughts (mid-summer and pre-summer droughts), creates conditions that may compromise the SPI’s effectiveness at certain time scales.



The SPI-12 (calculated over 12 months) is commonly used in Mexico to determine meteorological drought risk and vulnerability across large hydrological basins [37]. However, this approach may not adequately reflect the complex drought dynamics in tropical regions, where drought can manifest at different temporal scales and with varying impacts.



Therefore, this study aims to establish a framework for appropriate use of the SPI in warm, humid tropics, enabling decision makers to monitor droughts more accurately in tropical regions by considering their unique climatic characteristics. The specific objectives are as follows:




	
Examine the climatic differences between temperate and tropical regions that affect drought index performance.



	
Analyze the performance of SPI-based drought classifications in Mexico’s humid tropics by comparing them with observed water balance conditions.



	
Identify systematic biases in SPI application at different time scales in tropical environments.



	
Define time scale limits that should be considered to avoid biases in tropical drought monitoring.



	
Provide recommendations for adapting the SPI to better reflect tropical drought conditions.








The rest of the paper is organized as follows. Section 2 describes the study area, focusing on Mexico’s warm, humid tropical regions, presents the data sources, including the Mexico Drought Monitor and meteorological databases, and outlines the methodology for comparing SPI-based drought classifications with observed water balance conditions. Section 3 presents the results, first comparing drought monitor classifications with in situ water balance data to identify inconsistencies, then analyzing the critical climatic differences between tropical and temperate regions during their respective rainy seasons. Section 4 discusses the implications of the findings for drought monitoring in tropical regions, examining the methodological limitations of applying the SPI at longer time scales in these environments. Finally, Section 5 concludes with specific recommendations for adapting SPI application in tropical climates, including suggested time scale limits to avoid biases in drought monitoring systems.




2. Materials and Methods


2.1. Study Area and Climatic Context


This study is focused on the lowlands of the warm, humid tropical area of Mexico. Warm, tropical megathermal climates, ranging from humid to sub-humid, correspond to Group A of the Köppen–Geiger classification [38]. Tropical megathermal climates (Group A) have a mean monthly temperature of 18 °C or higher, with an annual precipitation exceeding potential evapotranspiration, distinguishing them from Group B climates (dry, warm deserts or semi-arid steppes). The rainfall regime defines the specific climate types within Group A. The Af classification represents a tropical forest climate characterized by an average monthly rainfall of at least 60 mm. The Am category indicates a tropical monsoon climate with a driest month precipitation less than 60 mm but higher than (100 mm − (total annual precipitation/25)). Finally, the Aw classification denotes a humid and dry tropical climate characterized by the driest month having rainfall below the preceding rule.



Mexican tropical lowlands contain all three Group A climate types [39]. Aw is present in the Yucatan Peninsula and both coastal areas, extending inland to the state of Morelos; Af occurs in the foothills of the southern mountains; and Am forms a buffer zone between these two (Figure 1).



These tropical regions experience two distinct types of drought within the annual precipitation cycle. The first is mid-summer drought (“veranillo” or “canícula” in Spanish), which is a relatively short period (less than 2 months, typically July–August) of decreased rainfall during the rainy season, accompanied by high temperatures. This phenomenon is influenced by different factors depending on the region. Along the Pacific coast, it relates to variations in the location and intensity of the ITCZ in the eastern Pacific [40]. In the Gulf of Mexico and Caribbean areas, it is affected by expansion and shifts in the North Atlantic Subtropical High (NASH), which cuts off moisture transport into the Caribbean [41]. Vulnerability to mid-summer drought depends on its duration and the soil’s water retention capacity [12,42].



The second type is pre-summer drought, which exhibits a slow, prolonged development that begins in the cooler winter–spring period at the end of the rainy season and is characterized by occasional precipitation from cold fronts. This can be divided into the following two subcategories: “winter” drought, which depends on cold front activity from the end of the rainy season (October–November) to its usual onset the next year (May–June), and delayed summer rainfall onset, which occurs when the rainy season begins later than usual.



Although temporally continuous, these drought types have different impacts on human activities. Winter drought affects honey production, permanent crops, and livestock and increases forest fire risk, while summer rainfall delays primarily impact rainfed crops.



These drought types represent different temporal scales and characteristics that challenge the uniform application of drought indices developed for temperate regions. Their distinct patterns and impacts necessitate specialized approaches to drought monitoring and management in tropical Mexican environments.




2.2. Data Sources


2.2.1. Mexico Drought Monitor


A drought index is a quantitative measure that characterizes the severity, duration, and spatial extent of drought conditions by integrating meteorological, hydrological, or agricultural variables into a single numerical value. Drought indices serve as standardized tools for monitoring water deficits, comparing drought conditions across different regions and time periods, and supporting decision making in water resource management and agricultural planning.



The Mexico Drought Monitor utilizes a composite drought index that combines multiple indicators to assess drought severity. This multivariate approach combines the Standardized Precipitation Index (SPI) calculated at various time scales (1, 3, 6, and 12 months) with additional hydrological and soil moisture indicators [43]. The resulting composite index is then translated into the following five discrete drought intensity categories: D0 (abnormally dry), D1 (moderate drought), D2 (severe drought), D3 (extreme drought), and D4 (exceptional drought). These classifications follow the same framework used by the North American Drought Monitor. They are designed to reflect the impacts of water deficits on different sectors, including agriculture, water supply, and natural ecosystems.



Drought index values are assigned at the municipal level and represent the predominant drought conditions within each administrative unit. These classifications are reported on the last day of each month, starting from January 2003, with mid-month values available from 15 February 2014. This approach enables regional drought monitoring and policy implementation, but it may mask local-scale variability in actual water availability conditions, particularly in regions with diverse topography or microclimates. This database is accessible at smn.cna.gob.mx/es/climatologia/monitor-de-sequia/monitor-de-sequia-en-mexico (accessed on 10 April 2025).




2.2.2. Meteorological Data


We utilized the national climatological database for Mexico, which was integrated into the Climate Computing project (CliCOM) and is maintained by the National Meteorological Service of Mexico (SMN). Daily observations at 5459 stations are recorded at 08:00 local time, representing the previous 24 h. The CliCOM data series extends from 1902 to 2022, with varying coverage periods for each station (median of 32 years). The data include daily and monthly minimum and maximum temperature (°C) values, precipitation and evaporation (mm), as well as various meteorological phenomena. Few stations have complete time series for the ultimate normal period of 1991–2020 [36,44], consequently, we selected stations with at least 30 years of data since 1981. In total, 485 stations matched the requirement and represent Group A climate regions (Figure 1). Additionally, we identified the longest time series for each climate type for more detailed analysis (Table 1, Figure 1).



To compare tropical and temperate conditions, historical rainfall and temperature data were obtained from GHCN-D databases [45,46,47] for Fort Collins, the place for which the SPI was originally developed [8], and stations from regions where the SPI authors tested the index [48], including central Iowa, west Kansas, and northeast North Dakota, with different climates (Table 1, Figure 1).



The daily precipitation and temperature data were processed using R version 4.5 [49] to compute monthly values. To ensure data quality, a minimum of 80% of daily observations was required to create a valid monthly value, and any missing data were flagged during analysis.





2.3. Methods


2.3.1. Conceptual Framework


Understanding drought conditions in tropical regions requires careful consideration of the complete water balance, which encompasses not only precipitation inputs, but also evapotranspiration losses. This study employed several key water balance components that are fundamental to assessing actual water availability conditions [50,51]. Indeed, this study employed water balance calculations rather than precipitation alone to avoid circular reasoning, since the SPI derives exclusively from precipitation data. Water balance provides an independent, physically based assessment of actual water availability that accounts for both water inputs (precipitation) and atmospheric demand (evapotranspiration).



This methodological choice addresses the issue in defining drought in terms of statistical precipitation anomalies or actual water stress conditions. In tropical regions, periods classified as statistically “dry” can still maintain an unneglectable water balance due to high absolute precipitation levels. Conversely, statistically “normal” precipitation during times of high demand may lead to water deficits.



This approach compares the following two drought assessment paradigms: (1) the statistical method (SPI) based on precipitation anomalies relative to historical norms and the derived Mexico Drought Monitor, and (2) the physical method (water balance) based on actual water supply versus demand. Instances where these methods did not provide similar results—particularly drought classifications during substantial water surpluses—may indicate biases in SPI application.



Potential evapotranspiration (PET) represents the maximum amount of water that could be evaporated and transpired from a vegetated surface if water supply was unlimited [52]. PET is primarily controlled by atmospheric demand factors, including temperature, humidity, wind speed, and solar radiation [53]. In tropical regions, PET remains relatively high and consistent throughout the year due to persistent warm temperatures and abundant solar energy, typically ranging from 100 to 150 mm per month [54].



Actual evapotranspiration (AET) represents the actual amount of water that is evaporated and transpired under existing environmental conditions, including water availability constraints [55]. AET is always less than or equal to PET, with the difference depending on soil moisture availability, vegetation characteristics, and atmospheric conditions [56]. During periods of water stress, AET becomes significantly lower than PET as plants close stomata and reduce transpiration to conserve water [57].



Water balance (S) is the difference between precipitation and AET losses [58]. Positive water balance values indicate water surplus conditions where precipitation exceeds evapotranspiration demands, leading to soil moisture recharge, runoff, and groundwater recharge.



These water balance components provide a physically based assessment of water availability that complements statistical drought indices like the SPI [59]. While the SPI identifies precipitation anomalies relative to historical norms, the water balance approach evaluates whether the actual water supply meets atmospheric demand, providing a more direct measure of hydrological stress [60]. This distinction is particularly important in tropical regions, where even statistically “dry” periods may still maintain positive water balances due to high absolute precipitation amounts, while statistically “normal” precipitation during high-demand periods may result in water deficits [61].




2.3.2. Water Balance (S) Calculations


PET complete time series are generally lacking in the CliCOM database; consequently, to obtain monthly potential evapotranspiration, this study applied the Hargreaves–Samani formula [62] (1) to compute the daily PET for the 15th day of each month, PETd, using mean monthly temperature and extraterrestrial radiation values for this representative mid-month date. The monthly PET calculation multiplies this daily value by the number of days in each month.


PETd = 0.0023 × Ra × (Tm + 17.8) × (Tx − Tn)0.5



(1)




where Tm is the mean temperature (°C), Tx is the maximum temperature (°C), Tn is the minimum temperature (°C), and Ra is the extraterrestrial radiation (mm per day), which was calculated based on the Julian day, latitude, and solar parameters.



Since potential evapotranspiration represents the maximum limits that may not occur in reality, we calculated actual evapotranspiration (AET) using Budyko’s dimensionless relationship [58] (2).


AET = [P/PET × tanh(PET/P) × (1 − exp(−PET/P))]0.5



(2)




where P is the monthly accumulated precipitation and PET is the potential evapotranspiration.



The monthly water balance was then calculated as (3).


S = P − AET



(3)




where S is the water balance (mm), P is the total monthly precipitation (mm), and AET is the actual monthly evapotranspiration (mm).





2.4. Standardized Precipitation Index (SPI)


The SPI is based on the long-term precipitation record for a specific location and time scale. The index represents the number of standard deviations that observed precipitation deviates from the long-term mean for a normally distributed random variable [63].



The SPI calculation involves fitting precipitation data to a probability distribution and transforming the results to standard normal values. Precipitation data are first aggregated over the desired time scale (1, 3, 6, 12, or more months). The aggregated precipitation data are then fitted to a probability distribution, with the gamma distribution being most commonly used due to its flexibility in modeling precipitation data and its ability to handle the skewed, positive nature of precipitation records [64]).



The gamma probability density function using rate parameterization is expressed in Equation (4), as follows:


f(x) = (λα/Γ(α)) × xα−1 × e−λx



(4)




where α > 0 is the shape parameter, λ > 0 is the rate parameter, x > 0 is the precipitation amount, and Γ(α) is the gamma function. In this parameterization, the mean equals α/λ and the variance equals α/λ2.



Parameter estimation for the gamma distribution requires robust methods due to the complex nature of precipitation data, which often includes zero values, extreme events, and seasonal variations. Maximum likelihood estimation (MLE) provides optimal parameter estimates by maximizing the likelihood function, making it superior to simpler methods like the method of moments, particularly when dealing with skewed precipitation distributions and limited sample sizes [64]. The MLE approach is especially important for SPI calculations because parameter accuracy directly affects the reliability of drought classifications.



For the rate parameterization, MLE estimates are obtained by solving the system of Equations (5) and (6), as follows:


∂ln L/∂α = n[ψ(α) − ln(λ)] + Σln(xi) = 0



(5)






∂ln L/∂λ = nα/λ − Σxi = 0



(6)




where ψ(α) is the digamma function and L is the likelihood function. From Equation (7), the rate parameter can be expressed as follows:


  λ = n α / Σ xi = α /   x  ¯   



(7)




where     x  ¯    is the sample mean. The shape parameter α is then solved iteratively using numerical methods, as no closed-form solution exists for Equation (5).



The cumulative probability G(x) is calculated using the fitted gamma distribution parameters. Finally, this cumulative probability is transformed to a standard normal distribution using the inverse normal function (8):


SPI = 1/Φ(G(x))



(8)




where 1/Φ is the inverse standard normal cumulative distribution function.



For each of the 485 Mexican stations, we calculated SPI values at multiple time scales (1, 3, 6, 9, 12, and 24 months) using maximum likelihood estimation implemented in the fitdistrplus package in R [65]. This approach ensured robust parameter estimation across the diverse precipitation regimes represented in our dataset.



The SPI classifies drought intensity as follows:




	
SPI ≥ −0.5: Near normal to wet conditions



	
−1.0 ≤ SPI < −0.5: Mild drought



	
−1.5 ≤ SPI < −1.0: Moderate drought



	
−2.0 ≤ SPI < −1.5: Severe drought



	
SPI < −2.0: Extreme drought








The SPI assumes that precipitation follows a gamma distribution, that the time series is stationary, and that the standardization removes seasonal effects. However, in tropical regions with pronounced seasonal rainfall patterns, these assumptions may be violated, particularly when calculating the SPI over time scales that span multiple seasons with dramatically different precipitation regimes. The use of MLE becomes even more critical in these environments, as it provides the most robust parameter estimates when distributional assumptions are challenged by extreme seasonal variability (4). Indeed, McKee et al. [8] and Beguería y Vicente-Serrano [66] used the method of moments, but this is not adequate when α > 10 [64].




2.5. Comparative Analysis Framework


2.5.1. Mexico Drought Monitor vs. Water Surplus


To evaluate the application of the SPI in tropical regions, we compared municipal-scale SPI-based drought classifications from the Mexico Drought Monitor with observed precipitation data from meteorological stations. We matched each of the 330 Group A climate stations with their corresponding municipality’s drought classification and analyzed instances where drought was reported during periods of significant precipitation.



For this purpose, water surplus conditions were defined using a water balance threshold of 100 mm, calculated as the difference between monthly precipitation and evapotranspiration. A water balance threshold of 100 mm was established as a critical value to identify significant water surplus conditions in tropical regions following a multi-criteria approach. This threshold represents a biophysically significant quantity that indicates a sufficient water availability to prevent drought conditions in tropical ecosystems, regardless of statistical precipitation anomalies [50,67]. For the more severe thresholds (200 mm, 300 mm, etc.) used later, these values were established as incremental benchmarks to demonstrate the magnitude of misclassification, showing that drought was reported even during periods of extraordinary water surplus that would make any meaningful definition of drought implausible in these tropical ecosystems [68,69]. Indeed, instances where drought was reported during months with a water balance exceeding 100 mm were identified as potential inconsistencies.




2.5.2. Climatic Conditions Comparison


To understand the underlying causes of these inconsistencies, we compared the climatic characteristics of tropical (Mexico) and temperate (USA) regions by analyzing precipitation variability during the typical wettest three-month period in each region and examining seasonal water balance patterns. We analyzed each station’s available data record for the three wettest consecutive months to capture long-term variability. This approach enabled the identification of critical differences in precipitation regimes that might affect SPI performance. Also, by comparing these climatic parameters, we aimed to isolate the specific factors contributing to potential biases in SPI calculations in tropical regions and develop recommendations for appropriate time scales for drought monitoring. The comparison between temperate and tropical precipitation regimes during their respective wettest periods serves to quantify the fundamental climatic differences that render the SPI inappropriate for tropical applications. This analysis may demonstrate that even the minimum recorded precipitation values during tropical wet seasons substantially exceed the median values observed in temperate regions where the SPI was developed, creating statistical distributions that violate the assumptions underlying SPI calculations and explaining why tropical ‘drought’ classifications often coincide with actual water surplus conditions.




2.5.3. Heteroscedasticity Assessment


To quantify the seasonal variance differences that affect SPI validity, we calculated the Heteroscedasticity Index (HI) for each station following established methods for detecting non-constant variance in time series data [70,71], an approach that has been applied to hydrological time series to assess stationarity assumptions [72]. Wet and dry season precipitation statistics were computed separately for each station and then combined to assess the variance stability assumptions underlying SPI calculations. Wet and dry seasons were defined based on regional climate patterns. For Mexican tropical stations, the wet season encompasses months 6–10 (June through October), corresponding to the primary rainy season influenced by the North American Monsoon and ITCZ positioning. The dry season spans from November to May and is characterized by high-pressure systems and reduced convective activity. For U.S. temperate stations, the wet season is defined as months 4–9 (April through September), reflecting the period of maximum precipitation from spring frontal systems and summer convective activity. The dry season corresponds to months 10–3 (October through March), when cold-season precipitation is limited by reduced atmospheric moisture capacity.



For each station, wet season variance (σ2_wet) and dry season variance (σ2_dry) were calculated using (9) and (10), as follows:


σ2_wet = Var(P_wet)



(9)






σ2_dry = Var(P_dry)



(10)




where P_wet and P_dry represent precipitation during wet and dry seasons, respectively.



The Heteroscedasticity Index was then computed as follows (11):


HI = σ2_wet/σ2_dry



(11)







Values of HI ≈ 1 indicate homoscedastic conditions suitable for SPI application, while HI >> 1 or HI << 1 indicate heteroscedastic conditions that violate SPI stationarity assumptions. This metric provides a quantitative measure of seasonal precipitation variance stability, which directly relates to the validity of SPI calculations.




2.5.4. Gamma Distribution Parameter Analysis


To examine the statistical distributions underlying SPI calculations, gamma distribution parameters were estimated for each station using maximum likelihood estimation (MLE) [73]. This methodology adheres to established procedures for drought index development [8] and offers robust parameter estimation for the entire precipitation time series [74]. The analysis utilized the fitdistrplus package in R to estimate the shape parameter (α) and rate parameter (λ) for the gamma distribution fitted to each station’s complete precipitation dataset.



These parameters characterize the distributional properties that SPI calculations assume remain consistent across the time series. A comparative analysis was conducted between tropical and temperate stations using Mann–Whitney U tests to assess significant differences in distributional parameters between the two climate types.




2.5.5. False Drought Classification Analysis


We developed a framework to quantify SPI performance by identifying instances where drought classifications occurred during actual water surplus conditions.



False drought events were defined as follows (12):


P(False Drought) = P(SPI < −1.0 ∩ S > 100 mm)



(12)




where SPI < −1.0 represents moderate to severe drought classification and S > 100 mm indicates substantial water surplus conditions. This probability was calculated for each time scale and station combination to assess systematic bias patterns.



The false drought probability metric provides direct validation of SPI accuracy by comparing statistical drought classifications with physically based water availability assessments. This approach avoids circular reasoning by using independent measures (water balance) to validate precipitation-based indices.






3. Results


3.1. Mexico Drought Monitor vs. In Situ Water Balance Data


The comparison of drought classifications with calculated water balance values revealed numerous inconsistencies. We identified 2939 instances where a municipality was classified as experiencing drought (at any level) during a month when the corresponding weather stations’ average recorded a water balance of at least 100 mm (Table 2). These occurrences were distributed across 272 municipalities and spanned 140 months (58.3% of the monitoring period). Inconsistencies were particularly pronounced during months with a high water surplus, with drought reported even when the monthly water balance exceeded 500 mm, for instance, in 2010, two municipalities of Chiapas reported extreme drought for May and June (Unión Juárez) and June and July (Tapachula). However, during these periods, the water balances were 1476.2 and 1378.4 mm, respectively.



Figure 2a presents two complementary maps that illustrate the geographical distribution of drought classification inconsistencies across Mexico. The upper map displays the frequency of misclassification events in each municipality, highlighting areas where drought was reported despite water balance measurements exceeding 100 mm. This frequency map reveals that municipalities with the highest number of misclassification incidents are concentrated in the southern tropical regions, particularly along the coastlines. The states of Chiapas, Tabasco, and Veracruz exhibit the most pronounced discrepancies, with numerous municipalities experiencing more than 20 months of misclassification during the study period.



These regions are primarily characterized by the wettest climate types (Am and Af), where intense seasonal rainfall generates substantial water surpluses.



The map in Figure 2b illustrates the severity of drought classifications assigned during periods of water surplus. It shows that even the most severe drought categories (exceptional and extreme drought) were incorrectly applied to regions experiencing substantial water surpluses, particularly in southern Mexico. The concentration of red and orange coloration in states such as Chiapas indicates that these areas not only experienced frequent misclassifications, but also the most severe category errors in drought reporting. This pattern suggests that the standardized indices struggle most significantly in regions with the most pronounced tropical rainfall characteristics.



The case of the Chiapas municipalities (Unión Juárez and Tapachula) being classified as experiencing extreme drought in 2010 despite recording extraordinary water balances exceeding 1300 mm provides an example of this phenomenon. These municipalities, located in Mexico’s southernmost state with a tropical climate influenced by mountain orography, exemplify how the conventional drought monitoring framework fails to capture the actual water availability conditions in such regions. Similar patterns are present along both the Gulf of Mexico and Pacific coastal zones, where the interaction between tropical moisture sources and local topography creates precipitation regimes fundamentally different from those for which drought indices were originally designed.




3.2. Critical Climatic Differences Between Temperate and Tropical Regions Rainy Seasons


The boxplot (Figure 3) illustrates the differences in precipitation volumes during the wettest three-month periods for the seven stations. Notably, even the minimum recorded precipitation values at tropical Mexican stations (such as the 244 mm recorded at Felipe Carrillo Puerto in 1957) substantially exceed the median values observed at Fort Collins and Stanley. This minimum value in tropical regions, despite representing a significant negative anomaly that would generate an SPI-3 value of −2.15 (categorized as “exceptional drought”), still provides more absolute water input than what would be considered normal conditions in temperate zones. The interquartile ranges show minimal overlap between the two climate types, with tropical stations consistently receiving 2–3 times more precipitation during their wet seasons than temperate stations. Furthermore, the tropical stations exhibit extraordinary maximum values, with some locations recording over 1000 mm during particularly intense rainy seasons.



Figure 4 reveals that tropical Mexican stations maintain substantially higher water balances during their wettest periods compared to temperate U.S. stations, with minimal overlap between their respective distributions. Even during statistically “dry” years, tropical stations typically maintain positive water balances that significantly exceed the median values observed at temperate stations. Only Felipe Carrillo Puerto has values under 200 mm, with a minimum of 58.4 mm in 1970. In contrast, Garden City Newton and Stanley have various years with a water balance under 5 mm.



Additionally, the interquartile range for tropical stations consistently shows water surpluses above 400 mm, whereas temperate stations rarely exceed this threshold, even during their wettest periods.



The analysis of the wettest three-month periods (August–October for Mexican stations and May–July for US stations) revealed fundamental differences between tropical and temperate precipitation regimes that challenge SPI assumptions. The minimum recorded precipitation during tropical wet seasons (244 mm at Felipe Carrillo Puerto in 1957) exceeded the median precipitation of temperate wet seasons (60.9 mm) by a factor of 4:1. More strikingly, this tropical minimum value exceeded even the maximum temperate wet-season precipitation (76.8 mm) by a ratio of 3.18:1, demonstrating that even the most extreme “drought” conditions during tropical wet seasons provide more absolute water input than normal temperate conditions.



These discrepancies likely stem from fundamental methodological limitations in applying the SPI to tropical climates.



The SPI and derived drought monitoring systems were primarily developed for and in temperate regions, where precipitation is more evenly distributed throughout the year. In tropical regions, pronounced seasonality creates a distinct hydrological reality where statistical anomalies may not necessarily translate to actual drought conditions.




3.3. Mathematical Analysis of SPI Performance


The heteroscedasticity analysis confirms that tropical precipitation has fundamentally different statistical properties compared to temperate precipitation. The Heteroscedasticity Index revealed pronounced differences between climate types, with tropical stations exhibiting mean HI values of 5.43 compared to 0.658 for temperate stations. Individual tropical stations demonstrated HI values ranging from 2.16 (Boca del Cerro) to 11.85 (Ciudad Alemán), indicating that the variance in wet-season precipitation was 2–12 times greater than that in the dry season. In contrast, temperate stations exhibited relatively stable variance ratios (0.542–0.869), with variances during the wet and dry seasons remaining comparable.



The coefficient of variation analysis reinforced these findings, with tropical stations showing CV ratios ranging from 0.485 to 0.589. In contrast, temperate stations exhibited greater variability in CV ratios (−0.356 to 0.240), including negative values indicating a lower relative variability during the wet season. This heteroscedasticity violates the stationarity assumptions underlying gamma distribution fitting in SPI calculations, which explains why standardized indices fail to accurately represent actual drought conditions in tropical regions.



The maximum likelihood estimation of gamma distribution parameters revealed systematic differences between tropical and temperate precipitation that affect the validity of SPI calculations. Tropical stations demonstrated shape parameters ranging from 0.710 to 1.540 (mean = 1.142), while temperate stations showed higher shape parameters ranging from 1.646 to 2.376 (mean = 1.993). The rate parameters showed even more pronounced differences, with tropical stations exhibiting rates ranging from 0.0042 to 0.0105 (mean = 0.0076) compared to temperate stations, which had rates ranging from 0.1113 to 0.1955 (mean = 0.1470). These distributional differences suggest that a single gamma distribution may not adequately represent the full range of precipitation conditions in tropical climates.




3.4. Station-Specific Drought Index Performance


The false drought classification analysis revealed systematic increases in misclassification probability with longer SPI time scales, particularly at tropical stations. While the 1-month SPI showed zero false drought probability for all tropical stations, longer time scales demonstrated an increasing bias with substantial inter-station variation.



At the 3-month scale, tropical stations maintained zero false drought probability, while temperate stations showed minimal rates (0.13–0.31%, mean = 0.21%). However, pronounced differences emerged at longer scales. For the 6-month SPI, tropical stations showed false drought probabilities ranging from 0.00% (Felipe Carrillo Puerto) to 1.31% (Boca del Cerro), with a mean of 0.52%. At 9-month scales, tropical stations demonstrated dramatic increases, with probabilities ranging from 0.26% to 6.42% (mean = 3.70%), whereas temperate stations remained relatively stable, with probabilities ranging from 0.30% to 1.38% (mean = 0.92%).



The most pronounced station-specific differences were observed at the 12-month and 24-month scales. Felipe Carrillo Puerto, the driest station with an Aw climate, consistently demonstrated the lowest false drought rates across all scales, reaching only 0.40% at 12 months and 0.81% at 24 months. Conversely, Ciudad Alemán showed the highest 12-month false drought rate (2.96%), while Boca del Cerro exhibited the highest 24-month rate (4.02%). These patterns indicate that Felipe Carrillo Puerto, the driest tropical station, can accommodate longer SPI calculations with minimal bias. In contrast, wetter tropical stations, such as Boca del Cerro and Ciudad Alemán, require shorter time scale limits.



The analysis reveals that appropriate SPI time scale limits vary substantially by station characteristics rather than following universal recommendations. Tropical stations, as a group, showed false drought probabilities exceeding 2% at both 12-month (mean = 2.00%) and 24-month (mean = 2.95%) scales, whereas temperate stations maintained consistently low rates (≤0.36%) across all time scales. These findings suggest that SPI application in tropical regions requires station-specific validation and potentially shorter time scale limits for drought monitoring.





4. Discussion


4.1. Implications for Tropical Drought Monitoring


Effective drought monitoring requires consideration of both the type of drought and the usual climatic conditions of a location. Under normal conditions, drought represents a low-frequency event [12,75], defined as a significant deficit in expected precipitation patterns that impacts water availability for human activities and ecosystems. This consideration is particularly important for agriculture in tropical regions, where planting dates are scheduled to coincide with the expected onset of seasonal rains.



A standardized index like the SPI is theoretically ideal for monitoring such deficits, since it normalizes precipitation relative to local climate norms. However, our results indicate that in regions with Type A climates, particularly those with pronounced seasonal rainfall patterns, the calculation of multivariate SPI for periods up to 24 months (as used in parts of our study area by Gómez Díaz et al. [76] and for Mexico generally by Servicio Meteorológico Nacional [43]) may not accurately indicate drought conditions.



SPI application at longer time scales in tropical regions suffers from two fundamental issues that align with previous critiques of precipitation-only indices. The abundant rainy-season precipitation creates statistical biases that mask developing drought conditions [77,78], while extreme seasonal contrasts violate the stationarity assumptions underlying SPI calculations [72]. These findings support Svoboda et al. [79], who argued that single-variable indices are insufficient to capture the complexity of drought in diverse climatic regions. This statistical issue corroborates recent advances in the development of drought indices. Stagge et al. [80] and Blain et al. [81] demonstrated the importance of climate-specific probability distributions, while Beguería et al. [82] showed that incorporating temperature variables significantly improves drought detection in water-limited environments. Our tropical findings extend these concerns to humid regions, where precipitation abundance, rather than scarcity, creates index performance issues.



Our overall findings align with research by Livada & Assimakopoulos [83] in temperate regions and Le et al. [84] in tropical domains, who found a varying effectiveness of drought indices at different time scales across regions with distinct rainfall regimes. Similarly, Quesada-Hernández et al. [75] noted that different drought indices produced significantly different estimates of drought extent in the Central American Dry Corridor, highlighting the need for regionally appropriate indices.



In a recent study assessing corn grain production under drought conditions in eastern Mexico using the Mexican Drought Monitor [85], it is notable that the good correlations obtained by the authors correspond to the arid zones of the study region. In contrast, in areas with Type A climates, the relationships between the drought monitor level and production were considerably lower. This provides additional evidence that current drought monitoring approaches may not accurately reflect the impacts on agriculture in tropical climates.



The first heavy rains in tropical areas with pronounced rainy seasons effectively end any pre-summer drought, regardless of cumulative precipitation deficits. During the rainy season, the length of dry spells and rainfall efficiency are better indicators of drought conditions than monthly anomalies. For regions experiencing mid-summer drought, a monthly index may fail to capture these shorter-term events, which typically last less than one month. This rapid drought termination contradicts the gradual recovery patterns assumed by longer SPI time scales. This supports Hayes et al. [86] and Wilhite [87], who emphasized that drought characteristics vary fundamentally across climate zones. Agricultural studies in similar climates [88,89] confirm that rainfall timing and intensity matter more than cumulative anomalies for crop impacts.



The soil water capacity exceedance during tropical wet seasons creates conditions incompatible with drought definitions, regardless of statistical precipitation rankings. This aligns with Sheffield et al. [90], who advocated for physically based drought assessment approaches, and Vicente-Serrano et al. [9], who demonstrated that evapotranspiration-based indices better capture actual water stress conditions.



These mathematical findings support a nuanced approach to SPI modification in tropical regions rather than universal time scale restrictions. The analysis suggests implementing station-specific temporal thresholds based on local false drought probability patterns: conservative 4–6-month limits for stations exhibiting high heteroscedasticity (HI > 10), moderate 8–10-month limits for intermediate stations (HI = 2–10), and potentially longer limits for stations with lower seasonal variance contrasts (HI < 2). This approach acknowledges the climatic diversity within tropical regions while addressing the systematic biases identified in standard SPI applications.



The quantitative validation demonstrates that SPI bias in tropical regions results from fundamental statistical incompatibilities rather than calibration issues, requiring methodological adaptation rather than parameter adjustment to achieve accurate drought monitoring in these critical climate zones.



These findings demonstrate that tropical drought monitoring requires fundamental modifications to current standardized approaches. A 6- to 8-month SPI threshold is recommended here for pre-summer drought monitoring, reflecting the need to exclude rainy-season influence while maintaining a sufficient temporal scope for meaningful trend detection [91]. For mid-summer drought events, SPI-1 or sub-monthly indices better capture the rapid onset characteristic of these phenomena [92]. This climate-specific approach aligns with recent calls for regionally adapted drought indices [5,93] and addresses the disconnect between the statistical anomalies and actual agricultural impacts observed in tropical Mexico [85]. The implementation of such tailored approaches could prevent the misallocation of drought response resources during periods of actual water surplus, improving both scientific accuracy and policy effectiveness.




4.2. Study Limitations


This study acknowledges limitations that should be considered when interpreting the results and applying the recommendations. First, the analysis relies on point meteorological measurements that may not fully represent the spatial variability within municipalities, particularly in topographically complex regions where elevation gradients create microclimatic differences [94]. The municipal-scale drought classifications used may, therefore, introduce spatial-scale mismatches when compared to station-specific water balance calculations.



Second, the water balance approach, although physically based, employs simplified evapotranspiration calculations using the Hargreaves–Samani method, which may underestimate the actual evapotranspiration in humid tropical environments compared to more complex methods, such as the Penman–Monteith method [51]. The use of mid-month radiation and monthly temperature values to represent entire months introduces temporal averaging effects that may not capture daily-scale variations in atmospheric demand, which are critical for short-term drought assessment.



Third, the 100 mm water balance threshold, although conservative and justified for tropical conditions, represents an arbitrary cutoff that may not be universally applicable across all tropical subregions or soil types. Different ecosystems and agricultural systems may experience water stress at varying threshold levels depending on rooting depth, soil water holding capacity, and crop water requirements [95].



Finally, this analysis focuses exclusively on meteorological drought and does not address the impacts of hydrological, agricultural, or socioeconomic droughts, which may respond differently to precipitation anomalies. The relationship between meteorological conditions and actual drought impacts varies considerably across sectors and may not follow the patterns identified here [87].




4.3. Future Research Directions


This study opens several avenues for advancing drought monitoring in tropical regions. However, it is important to recognize that the SPI will likely continue to be used in operational contexts because the concept of drought in meteorological monitoring is not necessarily related to a lack of water to maintain a healthy environment, but rather serves as an index that indicates an anomaly in the rainfall regime with respect to its median [96]. This distinction between meteorological anomalies and actual water stress conditions represents a fundamental conceptual challenge that future research must address.



Given this reality, research should focus on developing complementary approaches rather than the wholesale replacement of existing systems. First, expanded geographical validation is needed to test the proposed SPI modifications across diverse tropical climates beyond Mexico, including the Amazon basin, Southeast Asia, and tropical Africa, where different monsoon systems and precipitation regimes may require additional adaptations [19]. It involves working at the local level and adjusting the SPI thresholds to more accurately identify drought conditions—those characterized by actual precipitation deficits and associated impacts—in order to better support decision makers.



Second, the development of hybrid drought indices specifically designed for tropical regions represents a critical research priority. Such indices should integrate precipitation patterns, evapotranspiration dynamics, and soil moisture characteristics while maintaining compatibility with existing SPI-based monitoring systems [97,98]. Machine learning approaches could optimize the weighting of these variables based on regional climate characteristics and drought impact relationships.



Third, real-time implementation studies are essential to validate the practical applicability of the proposed 8-month SPI threshold and sub-monthly indices for mid-summer drought detection. Pilot programs, in collaboration with national meteorological services, could assess the operational feasibility and user acceptance of modified drought monitoring protocols while maintaining consistency with international reporting standards [99].



Fourth, research should focus on developing decision support frameworks that help users to interpret SPI values within the context of actual water availability conditions. This includes creating region-specific guidance on when SPI anomalies translate to meaningful hydrological or agricultural impacts [100].



Finally, interdisciplinary research is needed to link meteorological drought indices with assessments of agricultural, hydrological, and socioeconomic impacts in order to validate whether the proposed modifications better predict actual drought consequences in tropical regions [101]. This includes developing region-specific vulnerability assessments that take into account local adaptive capacity and drought management practices.





5. Conclusions


This study provides the first systematic validation of SPI performance against physical water balance conditions in tropical regions, demonstrating systematic biases that reveal fundamental incompatibilities between temperate-designed indices and tropical climate characteristics. While previous studies have questioned the applicability of the SPI in various climates [75,83,84], this work uniquely quantifies the magnitude and mechanisms of systematic bias through a comparison of statistical drought classifications with independently calculated water availability.



Three key findings establish the novelty and significance of this research. First, unlike previous descriptive studies of drought index performance [13,14,76], this work documents 2939 instances of drought reported during substantial water surplus conditions (>100 mm monthly balance) across 272 Mexican municipalities—the largest-scale validation of SPI accuracy in tropical regions to date. These misclassifications occurred even during extreme water surpluses exceeding 1300 mm, indicating a profound disconnection between statistical precipitation anomalies and physical drought conditions.



Second, while other studies have noted SPI limitations in monsoon-influenced regions [33,84], this research uniquely identifies specific temporal thresholds necessary to prevent systematic bias. The 8-month SPI threshold recommended here for pre-summer drought monitoring represents the first empirically derived, operationally applicable guideline based on actual meteorological data spanning various decades, moving beyond the largely theoretical recommendations of previous studies [20,80,81].



Third, this work establishes a direct comparison between temperate and tropical precipitation regimes specifically designed to explain drought index performance differences. The analysis demonstrates that the minimum precipitation during tropical wet periods exceeds median temperate values, making standardized drought thresholds meaningless when applied across climate zones—a mechanism that explains why tropical “drought” classifications often coincide with conditions representing water abundance in temperate regions.
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Figure 1. Maps with localization of the CliCOM study stations (black dot, Aw climate stations, middle gray Am, light gray Af), Mexican retained stations (orange triangle), and U.S. stations (red triangle) (Table 1). 
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Figure 2. (a) Number of months with drought monitor anomalies per municipality and (b) highest drought intensity level reported during a month with water balance > 100 mm. 
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Figure 3. Boxplot of annual rainfall for the three wettest consecutive months from 1952. Mexican stations: August–October; U.S. stations: May–July. Dots are outliers. 
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Figure 4. Boxplot of annual water balance for the three wettest consecutive months from 1952. Mexican stations: August–October; U.S. stations: May–July. Dot are outliers. 
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Table 1. Typical meteorological stations representative of tropical and temperate regions (Figure 1).
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	Station
	State
	Climate
	Data Period
	Years of Available Data





	Felipe Carrillo Puerto
	Quintana Roo—MX
	Aw
	1952–2019
	65



	Ciudad Alemán
	Veracruz—MX
	Am
	1951–2020
	70



	Boca del Cerro
	Tabasco—MX
	Af
	1948–2019
	68



	Garden City
	Kansas—USA
	Cfa
	1950–2015
	71



	Newton
	Iowa—USA
	Dfa
	1893–2016
	76



	Stanley
	North Dakota—USA
	Dfb
	1938–2016
	74



	Fort Collins
	Colorado—USA
	
	1998–2024
	26










 





Table 2. Events with monthly water balance > 100 mm at a meteorological station in Mexico, in terms of the Mexico Drought Monitor municipal drought index.






Table 2. Events with monthly water balance > 100 mm at a meteorological station in Mexico, in terms of the Mexico Drought Monitor municipal drought index.





	
Water Balance

Threshold (mm)

	
Drought Index




	
Abnormally

Dry

	
Moderate

Drought

	
Severe

Drought

	
Extreme

Drought

	
Exceptional

Drought






	
100

	
1054

	
537

	
218

	
56

	
5




	
200

	
327

	
184

	
79

	
29

	
0




	
300

	
130

	
59

	
34

	
6

	
0




	
400

	
63

	
22

	
15

	
4

	
0




	
500

	
58

	
36

	
15

	
8

	
0
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