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Highlights

What are the main findings?

• Warm nights (TN90p) rise ~20 days per decade and warm days (TX90p) ~12 days per
decade across Haiti; TXmean +0.17 ◦C/dec, TNmean +0.22 ◦C/dec.

• Near-surface vapor pressure increased by +0.15 hPa per decade over 76% of the
territory, and the detrended interannual variability explains most of the excess night
warming (partial correlation with TN90p: r = 0.80).

What are the implications of the main findings?

• The water-vapor greenhouse effect is a key driver of the faster warming of nights than
days in the Caribbean, a mechanism previously untested for the region.

• Warmer, more humid nights raise cooling demand and heat-stress risk, providing
a country-wide baseline for energy and public health adaptation in Haiti and other
Caribbean small islands.

Abstract

Extreme weather events have increasingly disrupted Haiti’s socio-economic development.
This study assesses long-term trends in mean and extreme temperature, precipitation,
and near-surface humidity indices across Haiti for 1981–2020, using ERA5-Land temper-
ature and humidity fields together with Multi-Source Weighted-Ensemble Precipitation
(MSWEP), both at 0.1◦ resolution. Trends were quantified with the Theil–Sen estimator
and tested with Mann–Kendall (MK) after Trend-Free Pre-Whitening (TFPW). Warm days
(TX90p, percentage of days when daily maximum temperature exceeds the 90th percentile
of the reference period) and warm nights (TN90p, percentage of days when daily minimum
temperature exceeds the 90th percentile) increase nationwide by about 12 and 20 additional
days per decade, while mean maximum and minimum temperatures warm by 0.17 ◦C
and 0.22 ◦C per decade, respectively. Nocturnal warming is accompanied by a significant
rise in near-surface water vapor pressure (+0.15 hPa per decade), whose detrended inter-
annual variability correlates strongly with TN90p (r = 0.59), identifying the water-vapor
greenhouse effect as a key driver of the faster warming of nights than days. Precipitation
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shows no significant national trend, except for very wet days (R90p, percentage of days
with precipitation above the 90th percentile of wet days, +2.18% per decade) and a decline
in rainy days (RR1, number of days with precipitation ≥ 1 mm, –4 days per decade). These
results provide the first country-wide baseline of temperature and precipitation extremes
for climate-risk assessment in Haiti.

Keywords: climate change; extreme events; temperature; precipitation; Haiti; Caribbean

1. Introduction
Insular and Caribbean countries have been identified as among the most vulnerable

to climate extremes [1]. This vulnerability results from extreme climate sensitivity driven
by several factors [2], including their small size and complex topography, which restrict
economic development; their heavy reliance on climate-sensitive sectors (energy, agricul-
ture, and tourism); an overwhelming dependence on rainfall for water; and limited risk
forecasting capabilities compounded by high public debt. While it was predicted that
certain extreme phenomena would become more frequent, widespread, and intense during
the 21st century [3], recent assessments confirm that these trends are now clearly observable
globally [4]. These changes are documented by the rising temperatures recorded at meteo-
rological stations worldwide [5,6] and in regional contexts such as the Caribbean [7]. The
severity and frequency of extreme temperature and precipitation events have significant
socio-economic impacts in these states [8]. The risks associated with extreme weather and
our ability to assess and manage them affect the sustainability of economic developments
and living conditions [9]. In the Caribbean, Haiti is frequently affected by natural disasters,
extreme temperatures, and precipitation events that devastate water resources, agriculture,
infrastructure, health, and biodiversity. Given its location, morphology, and weak response
to these threats, Haiti requires in-depth knowledge of the spacetime evolution of extreme
temperatures and precipitation. Within this regional context, Haiti stands out as the least
documented country: political instability, the collapse of the observation network after
the 2010 earthquake, and the fragmentation of institutional archives have left the country
almost invisible in the growing body of Caribbean climate research [1].

Surface air temperature and precipitation are key indicators of climate variability and
change. To standardize their assessment, the Expert Team on Climate Change Detection
and Indices (ETCCDI) defined 27 indices describing mean and extreme conditions [9,10],
which are described by [5,6,10–12], and which have also been widely used in previous
reports of the Intergovernmental Panel on Climate Change (IPCC). To our knowledge,
no country-wide assessment of ETCCDIs has been published for Haiti; existing regional
Caribbean studies either aggregate Haiti with neighboring islands or rely on the few sparse
historical stations available, leaving the national spatial pattern undocumented.

This study addresses that gap by producing the first country-wide diagnostic of
temperature, precipitation and near-surface humidity trends over Haiti for the period
1981–2020, using ERA5-Land and MSWEP V2 gridded datasets at 0.1◦ resolution. Beyond
the standard ETCCDI diagnostic, we explicitly test whether near-surface water vapor drives
the observed asymmetry between nighttime and daytime warming, a mechanism invoked
at the global scale [13,14] but not yet quantified for the Caribbean at the country scale.
Specifically, the study pursues the following objectives:

1. To quantify interannual and decadal trends of mean and extreme temperature, precip-
itation, and near-surface humidity indices (RH, vapor pressure e) across Haiti over
1981–2020 and assess their statistical significance under serial autocorrelation.
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2. To map the spatial distribution of these trends and identify regional disparities in
temperature, precipitation, and humidity extremes at both national and city scales.

3. To disentangle the physical mechanism driving the observed asymmetry between
nighttime and daytime warming by quantifying the relationship between near-surface
water-vapor variability and the frequency of warm nights (TN90p), thereby providing
a scientific basis for climate adaptation and resilience strategies at the national and
regional levels.

The remainder of the paper is organized as follows: Section 2 describes the study area,
the datasets, and methodology; Section 3 presents the trends and their spatial patterns.
Section 4 discusses the humidity-driven mechanism and compares our results with the re-
gional literature. Finally, Section 5 summarizes the main findings and outlines implications
for adaptation planning.

2. Materials and Methods
2.1. Study Area

This study focuses on Haiti, one of the two republics of the island of Hispaniola (one
of the main islands of the Caribbean), which is located between 18◦ N and 20◦06′ N latitude
and 71◦41′ W and 74◦29′ W longitude. Hispaniola is an island of volcanic formation with a
carbonate cover. Haiti occupies the western part of the island, with an area of 27,750 km2,
while the Dominican Republic occupies the other part, with an area of 48,577 km2. The sea
borders Haiti on three sides, with the Caribbean Sea to the south and west and the Atlantic
Ocean to the north (see Figure 1).

 
Figure 1. Map of Haiti with cities of interest, department borders, and its geographical location in the
Caribbean. This map highlights Haiti’s topography using an elevation color scale, with department
borders outlined in black. The country shares the island of Hispaniola with the Dominican Republic,
which appears as a gray area. The inset in the upper-left corner provides a broader view of Haiti’s
location within the Caribbean, with a red rectangle marking its position. Major cities and key
geographical features like the Gonâve Gulf and the Caribbean Sea are labeled for reference. Haiti’s
privileged geographical location in the Caribbean is situated in the North Atlantic Basin.
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Haiti’s topography is dominated by mountains covering two-thirds of the country.
This rugged terrain favors the formation of torrential rivers. Haiti has a highly developed
coastline, and the major urban centers, except for Hinche in the Central Plateau, are coastal
cities, thus exposing a large portion of its population to high hydro-meteorological risks.
Due to its geographical location in the Caribbean basin, the country is vulnerable to the
threat of tropical cyclones.

Haiti’s climate is typical of the Caribbean region, characterized as tropical with dry
winters and a bimodal seasonal rainfall pattern. According to [15], the rainfall regime in
the Caribbean, including the Greater Antilles, is divided into four seasons: the winter dry
season (WDS) from mid-November to April, the early rainy season (ERS) from late April to
June, the mid-summer drought (MSD) from June to August, and the late rainy season (LRS)
from late August to November. Haiti shows significant variability in precipitation across
its departments, influenced by topography and exposure to prevailing winds. Annual
average rainfall ranges from 1164 mm in Miragoâne (Nippes) to 1317 mm in Port-de-Paix
(North-West). Some months are notably wet, such as November in Port-de-Paix (219 mm)
and May in Jacmel (197 mm), while the dry season features minimal rainfall, with only
30 mm recorded in December in Miragoâne and 34 mm in December in Jacmel [16]. Average
annual temperatures in Haiti generally remain within a narrow range across the country,
varying between 26.0 ◦C in Port-de-Paix (Northwest) and 26.6 ◦C in Jacmel (Southeast).
The lowest temperatures are typically recorded in January, with minimum values around
24.0 ◦C in Port-de-Paix and 24.8 ◦C in Jacmel, while maximum temperatures reach 28.1 ◦C in
August in Port-de-Paix and 27.8 ◦C in Jacmel. However, these values represent averages for
specific urban locations and do not fully capture the strong spatial variability of temperature
across Haiti. The country’s complex topography induces significant local contrasts: across
the national climate station network, monthly mean minimum temperatures fall to 8.9 ◦C
at Seguin (1680 m), whereas monthly mean maximum temperatures reach 33.7 ◦C at the
Gonaïves and Mirebalais stations, compared with a national mean of 29.1 ◦C [17,18].

As part of this study, we selected a set of cities for closer analysis to investigate local
climatic behavior more precisely. These urban areas correspond to departmental capitals,
represent major population basins, and are spatially distributed to capture the diversity
of Haiti’s climatic regimes as identified in the previous literature. We can better evaluate
the exposure and vulnerability of population centers and characterize spatial contrasts in
climate variability thanks to this regional focus (see Table 1). The fourteen cities selected
for local trend analysis meet four criteria: (i) administrative coverage—one to two cities
per department (all ten represented); (ii) climatic representativeness—spanning the three
zones defined by [1]: the semi-arid northwestern coast (Môle-Saint-Nicolas, Port-de-Paix),
the humid mountainous interior (Hinche, Mirebalais, Verrettes) and the humid southern
coast (Les Cayes, Jérémie, Jacmel, Anse-à-Pitres); (iii) socio-economic weight—the most
populated centres where climate risks (heat stress, water, energy) have the highest impact;
and (iv) data availability—locations with historical station records [1,19].

Table 1. List of the selected cities, including their geographical coordinates and elevations. The
official coordinates (WGS84) and the actual elevations were extracted from the 30 m SRTM Digital
Elevation Model (DEM) provided by the USGS/NASA.

City Latitude (◦N) Longitude (◦W) Elevation (m, SRTM)

Môle-Saint-Nicolas 19.8000 −73.3833 7
Mirebalais 18.8342 −72.1067 135
Cap-Haïtien 19.7500 −72.2000 12
Les Gonaïves 19.4500 −72.6833 8
Hinche 19.1500 −71.8333 238

https://doi.org/10.3390/cli14100208

https://doi.org/10.3390/cli14100208


Climate 2026, 14, 208 5 of 35

Table 1. Cont.

City Latitude (◦N) Longitude (◦W) Elevation (m, SRTM)

Port-au-Prince 18.5333 −72.3333 66
Jacmel 18.2333 −72.5333 125
Jérémie 18.6333 −74.1167 20
Les Cayes 18.2600 −73.8500 14
Miragoâne 18.4444 −73.0844 22
Anse-à-Pitre 18.0700 −71.7700 11
Port-de-Paix 19.8015 −72.8045 16
Fort-Liberté 19.6637 −71.8465 9
Verrettes 19.0500 −72.4667 137

2.2. Data Used

In the Caribbean region, the availability of continuous daily time series with metadata
is a challenge [20], as well as the ability to convert and maintain climate data in digital
form [7]. Haiti is a typical example: the only climate database in Haiti is available for a
historical period [1], but it is not for the study period. As a result, the data used in this
study are not observed in situ data but reanalysis or satellite data.

The mean, minimum, and maximum temperature data (Tmean, TNmean, TXmean)
used in this study are derived from the ERA5-Land dataset, as documented by [21]. ERA5-
Land is produced by the European Centre for Medium-Range Weather Forecasts (ECMWF)
and offers a comprehensive and consistent reconstruction of atmospheric variables. The
temperature data used for our index calculations have a spatial resolution of 0.1◦ and
were aggregated from their native hourly resolution to a daily scale. For the precipitation
indices, we utilized the Multi-Source Weighted-Ensemble Precipitation (MSWEP) version
2.8 dataset, described by [22]. MSWEP, developed by the GloH2O team at the University
of Utrecht in the Netherlands, optimally merges data from rain gauges, satellites, and
reanalyses to provide high-resolution precipitation estimates at a spatial resolution of
0.1◦ (~11 km) and a temporal resolution of 3 h.

The selection of reanalysis and satellite-based datasets used in this study results from
a rigorous comparative evaluation of gridded product performance across the Greater
and Lesser Antilles region. Although ground-based observation archives exist for Haiti,
their fragmented and discontinuous nature, particularly for the period 1981–2020, neces-
sitated the use of continuous satellite and reanalysis products. A prior validation study
conducted by [23] and summarized in [1] compared five gridded rainfall datasets (MSWEP,
CHIRPS, ERA5, PERSIANN-CDR, and GPM-IMERG) against available reference rain gauge
data. The evaluation employed several statistical performance indicators, including the
Pearson Correlation Coefficient, Root Mean Square Error (RMSE), and Bias. The results
demonstrated that:

1. The MSWEP V2 dataset performed best in capturing the overall rainfall regime of the
Greater Antilles, achieving the highest scores across most statistical tests.

2. The ERA5 product showed superior skill in reproducing dry and wet day frequency
and was considered highly reliable for temperature-related variables.

Consequently, we use MSWEP V2 for all precipitation-related indices, ensuring the
most accurate representation of rainfall variability, and ERA5 for temperature data, which
has been widely validated as a robust reanalysis product within the scientific community.
Several recent evaluations show that reanalysis datasets such as ERA5 and MSWEP effec-
tively reproduce regional climatic characteristics despite the low density of stations in the
Caribbean, although biases persist in topographically complex areas [24,25]. This combina-
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tion provides the strongest possible data foundation for analyzing long-term climate trends
over our study period.

2.3. Methodology

We utilized the Climate Data Operators (CDO) software (version 2.4.4) [26] to assess
changes in extreme weather events and to calculate a subset of 12 standardized climate
indices. These 12 indices were selected because they are relevant to the Caribbean and
adjacent regions [7] (see Table 2 for a full description). Among these indices, six per-
tain to precipitation and six to temperature, providing a comprehensive analysis of both
climatic parameters.

Table 2. Temperature and precipitation indices.

ID Index Name Indices Definition Units

Temperature TXmean Annual maximum temperature Annual mean of the daily
maximum temperature

◦C

TNmean Annual minimum temperature Annual mean of the daily
minimum temperature

◦C

Tmean Annual average temperature Annual mean of daily mean
temperature

◦C

WSDI Warm Spell Duration Index
Annual count of days with at least
6 consecutive days when
TX > 90th percentile

days

TN90p Warm night Percentage of days when
TN > 90th percentile % days

TX90p Warm days Percentage of days when
TX > 90th percentile % days

Precipitation PRCPTOT Annual total wet day precipitation Annual total rainfall ≥ 1 mm mm

SDII Simple daily rainfall intensity index

Annual total precipitation divided
by the number of wet days
(defined as
precipitation ≥ 1.0 mm) in the year

mm/day

RR1 Number of wet-day precipitation Annual count of days when
PRCP ≥ 1 mm days

R90p Percentage of very wet days
Percentage of days when daily
precipitation is greater than the
90th percentile

% days

CWD Consecutive wet days Maximum number of consecutive
days with daily rainfall ≥ 1 mm days

CDD Consecutive dry days Maximum number of consecutive
days with daily rainfall < 1 mm days

The indices were calculated from daily rainfall data as well as minimum and maximum
temperature datasets. CDO was chosen for its effectiveness in processing and handling
large amounts of climate data [26]. The indices were computed on an annual basis for each
grid cell covering Haiti. For percentile-based indices (WSDI, TX90p, and TN90p), a climato-
logical reference period of 1981–2010 was used [27]. The mean temperature (Tmean) reflects
the average temperature, combining both daily maximum and minimum values, while
the mean maximum temperature (TXmean) focuses on the average of daily highs, and the
mean minimum temperature (TNmean) emphasizes the average of daily lows. The analysis
of extreme temperature events from 1981 to 2020 focuses on three key indices that reveal
important trends in the context of climate change. The WSDI measures the annual count
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of days with at least 6 consecutive days when TX exceeds the 90th percentile. The TX90p
tracks the proportion of days where maximum temperatures exceed the 90th percentile,
while the TN90p captures the proportion of nights with minimum temperatures above the
90th percentile. Together, these indices provide a comprehensive view of the intensification
and frequency of extreme temperature events, shedding light on the warming trends and
their potential impacts on ecosystems and human activities.

The trends in average rainfall event indices from 1981 to 2020 provide valuable insights
into precipitation patterns in Haiti. The total annual precipitation (PRCPTOT) represents
the sum of all rainfall events, while the RR1 reflects the frequency of days with at least
1 mm of precipitation. The Simple Daily Intensity Index (SDII), on the other hand, measures
the average intensity of rainfall during wet days.

The R90p index represents the percentage of days with extreme precipitation, defined
as rainfall totals exceeding the 90th percentile of the reference period. This index quantifies
changes in the frequency and intensity of the heaviest rainfall events. The Consecutive
Wet Days (CWD) index measures the longest annual period of consecutive days with
precipitation equal to or greater than a given threshold (typically 1 mm). It serves as
an indicator of the duration of wet spells and is crucial for assessing flood risks and the
stability of water supply for agriculture. Conversely, the Consecutive Dry Days (CDD) index
measures the longest annual period of consecutive days with insignificant precipitation
(typically less than 1 mm). This index is a key indicator of meteorological drought, essential
for evaluating risks of water scarcity and potential impacts on agricultural sustainability.

Once the indices were calculated, we employed the R programming language for
statistical analyses and visualization. For each grid cell and each city, annual time series
were extracted for the period 1981–2020. In addition to the 14 selected cities (see Table 1), we
computed a national reference series for Haiti by averaging all grid cells included within the
national boundary (spatial mask). This produced 15 distinct time series per index. For each
of the 14 cities of interest (Table 1), the annual index time series was extracted using nearest-
neighbor selection on the 0.1◦ grid. For coastal cities whose geographic coordinates fall on
ocean cells, the nearest terrestrial land cell with a valid ETCCDI value was used, computed
as the pixel minimizing the great-circle distance to the city centroid within the land mask
(Haiti national shapefile). The complete city-level annual time series for each index are pro-
vided in Appendix A (Figures A1–A12) and Appendix B (Figures A13 and A14), and the
city-to-pixel distances are listed in Appendix C (Table A1). Additional tables and gridded
datasets are available in the Supplementary Materials (Tables S1–S3 and Datasets S1–S3).

To quantify long-term changes, we applied the Theil–Sen trend estimator [28], a non-
parametric method recommended for climate and hydroclimatic trend analysis due to its
robustness to outliers and non-Gaussian distributions. The Sen slope was calculated for
each location and then multiplied by 10 to express the trend in units per decade. This
approach allows for coverage of a range of values from minimums to maximums, thus
offering a robust representation of the region’s climatology.

Before applying the Mann–Kendall test, we addressed the influence of autocorre-
lation, which can distort the test statistic by inflating the variance of S and potentially
leading to false trend detection [29]. To overcome this issue, we applied the Trend-Free
Prewhitening (TFPW) technique [30], which removes lag-1 autocorrelation without altering
the underlying trend. The TFPW method consists of (i) estimating the Theil–Sen slope,
(ii) detrending the series, (iii) computing the lag-1 autocorrelation on the detrended residu-
als, (iv) prewhitening the series using the autocorrelation coefficient, and (v) reintroducing
the trend. This prewhitened series is then used for performing the Mann–Kendall test.

The non-parametric Mann–Kendall test was employed to identify the presence of
monotonic trends in the TFPW-adjusted series [31,32]. This test is widely recommended,
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particularly by the World Meteorological Organization [33,34], for detecting the presence or
absence of a monotonic trend in a time series, without requiring any assumptions about the
data distribution [35]. It is especially suitable when the series does not exhibit significant
autocorrelation [35].

The test is based on the computation of the S statistic, which represents the sum of
the signs of all differences between data point pairs in the series. Given a time series
x1, x2, . . ., xn, the S statistic is defined as follows [29]:

S = ∑n−1
i=1 ∑n

j=i+1 sgn(xj − xi) (1)

where the sign function is defined by:

sgn(x) =


+1, if x > 0
0, if x = 0
−1, if x < 0

(2)

When the number of observations n ≥ 8, the S statistic is approximately normally
distributed with a mean of zero and a variance given by:

Var(S) =
n(n − 1)(2n + 5)− ∑

g
i=1 ti(ti − 1)(2ti + 5)

18
(3)

where ti represents the number of tied values (i.e., identical values) of extent i in the series.
The standardized statistic ZMK is then calculated as:

ZMK


s−1√
Var(S)

, if S > 0

0, if S = 0
s+1√
Var(S)

, if S < 0

(4)

This statistic follows the standard normal distribution with a mean of 0 and a variance
of 1. It is used to test the null hypothesis H0, which states that no trend exists in the series.
If the absolute value of ZMK exceeds the critical value Zα/2 (e.g., 1.96 for a 5% significance
level), the null hypothesis is rejected, indicating a statistically significant trend [36].

The sign of ZMK indicates the direction of the trend: a positive value suggests an
increasing trend, whereas a negative value indicates a decreasing trend.

Additionally, a linear regression analysis was performed over the 1981–2020 period
to estimate the temporal slope of the series. The statistical significance of this slope
was assessed using the Mann–Kendall rank test. A trend is considered significant if
the p-value associated with the regression slope is less than 0.05; otherwise, it is considered
non-significant.

The results were visualized by calculating the average temporal evolution of the
indices within Haiti during the study period 1981–2020. Time series were created to take a
closer look at certain cities in Haiti to better understand the evolution of the indices at the
city level (see Figure 1).

To investigate the role of atmospheric humidity in the observed warming, we addi-
tionally used monthly means of 2 m temperature and 2 m dew point temperature from the
ERA5-Land reanalysis [21], available at a spatial resolution of 0.1◦ for the period 1981–2020
through the Copernicus Climate Data Store. Near-surface water vapor pressure (e) and
relative humidity (RH) were derived from these two variables using the improved Magnus
approximation of the saturation vapor pressure [37] and annual means were computed for
each grid cell. The annual humidity series was then processed exactly like the other indices:
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trend magnitudes were quantified with the Theil–Sen estimator (expressed per decade),
and their statistical significance was assessed with the Mann–Kendall test after Trend-Free
Prewhitening (p < 0.05). To control for the inflated false-discovery rate that arises from
applying the Mann–Kendall test to N ≈ 1900 individual grid cells with strong spatial
autocorrelation, we further apply the [38] procedure at α_FDR = 0.10, as recommended for
gridded climate trend maps by Wilks (2016) [39].

3. Results
3.1. Trends of Mean and Extreme Annual Temperature Events
3.1.1. Trends in Mean Temperature Indices (1981–2020)

The trends in mean temperature indices from 1981 to 2020 reveal significant insights
into the overall warming patterns in Haiti. All three indices consistently show statisti-
cally significant upward trends over the study period, indicating a general increase in
temperature across the country.

The results show that global warming has led to a significant increase in both average
minimum and maximum temperatures across Haiti between 1981 and 2020; see Figure 2.
Similarly, the graph depicting the trends in Tmean highlights a marked rise in specific areas
of Haiti. The highest values of this increase are primarily concentrated in regions located in
the central and eastern parts of the country, as shown in Figure 2a. These variations reflect
significant changes in Tmean, potentially indicating a localized global warming trend.

Figure 2. Trends per decade in mean temperature indices (Tmean, TXmean, TNmean) over Haiti
for 1981–2020, based on ERA5-Land. Warm colors indicate positive trends. Black dots indicate grid
cells passing both the local MK-TFPW test (p < 0.05) and the field-wide [38] False Discovery Rate
correction (α_FDR = 0.10; [39]).

In Hinche, the results indicate a pronounced increase of +0.23 ◦C per decade, with a
p-value < 0.001. In Les Cayes, the Tmean is increasing at a slightly slower rate, with a trend
of +0.16 ◦C per decade, though this trend remains significant. Overall, the Tmean across
Haiti shows a significant trend of +0.20 ◦C per decade.

In the region of Anse-à-Pitres Figure A1 shows an upward trend in annual average
temperature, with an estimated increase of +0.19 ◦C per decade. This trend is statistically
significant. Similarly, a comparable increase is observed in Cap-Haitien, with a trend of
+0.17 ◦C per decade, which is also statistically significant; see Table 3.

Looking at Figure 2b,c, the areas where this trend is most pronounced correspond
to those already identified for Tmean, suggesting a uniformity in the climatic changes
affecting maximum temperatures.

A closer examination of specific cities such as Mole St. Nicolas, Mirebalais, Cap-Haitien,
Les Gonaives, Hinche, Port-au-Prince, Jacmel, Jérémie, Les Cayes, Miragoâne, and Verrettes
reveals that the TXmean shows a statistically significant increasing trend. For instance, Hinche
exhibits a trend of +0.23 ◦C per decade, compared to the north, where Cap-Haitien shows a
trend of +0.14 ◦C per decade, and the south, where Les Cayes records a trend of +0.14 ◦C per
decade; see Table 3.
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For TNmean, an increase is noticeable. However, this rise appears more concentrated
in the northern and southeastern parts of the country. TNmean is rising significantly in all
the cities studied. In Cayes, an increase of +0.21 ◦C per decade is recorded, close to that
of Jacmel (+0.21 ◦C, p-value < 0.001). Port-au-Prince shows a rise of +0.23 ◦C per decade,
while Hinche records the strongest trend with +0.28 ◦C per decade. These results highlight
a significant increase in nighttime temperatures across the country, with particularly warm
nights observed in Hinche and in the cities around it, like Mirebalais and Verrettes, with
the respective trend increases of 0.25 and 0.26 ◦C per decade; see Table 3.

3.1.2. Trends in the Index of Extreme Temperature Events (1981–2020)

The WSDI shows an increase in the duration of heatwaves in certain parts of Haiti,
particularly in the south-central regions; see Figure 3a. The duration of heatwaves has
increased significantly in several cities. In Les Cayes, a rise of about 3 days per decade
is observed, while in Miragoâne the trend is even stronger, reaching 4 days per decade.
Comparable increases are recorded in Jacmel (6), Mole St. Nicolas (2), and Hinche (3) days
per decade, all statistically significant. These results indicate a notable intensification of
extreme heat periods, especially in Miragoâne, Les Cayes, and Jacmel; see Table 3.

Figure 3. Trends per decade in extreme temperature indices (WSDI, TX90p, TN90p) over Haiti for
1981–2020, based on ERA5-Land. Warm colors indicate positive trends. Black dots indicate grid
cells passing both the local MK-TFPW test (p < 0.05) and the field-wide [38] False Discovery Rate
correction (α_FDR = 0.10; [39]).

The TX90p index shows significant increases in the southeastern, central, and southern
regions of the country, reflecting a growing frequency of very hot days and indicating an
increased risk of temperature-related extremes, particularly heat stress events; see Figure 3b.
The percentage of days with extreme maximum temperatures is rising across most cities.
The trend reaches +4.82% (18 days) per decade in Jacmel and +5.37% (20 days) per decade
in Miragoâne. Cap-Haitien and Jérémie also show marked increases of +4.39% (16 days)
and +5.57% (20 days), respectively, all significant. This reflects a growing frequency of
exceptionally hot days; see Table 3.

The TN90p index, in Figure 3c, corresponding to the percentage of exceptionally
warm nights, follows a similar trend to TX90p, with notable increases in the southeast-
ern and south-central areas Miragoane records the strongest trend at +8.02% (29 days)
per decade, followed by Mole St. Nicolas (+7.31%, 27 days) and Les Gonaives (+7.04%,
26 days). Les Cayes and Jacmel show respective increases of +6.98% (25 days) and +6.56%
(24 days) per decade; see Table 3. These trends highlight a significant warming of extreme
nighttime temperatures.

The humidity analysis reveals two complementary signals; see Figure 4. Their tem-
poral co-variation with nocturnal warming is examined in Figure 5. Near-surface water
vapor pressure increased almost everywhere over Haiti between 1981 and 2020 (+0.15 hPa
per decade for the national average), with grid-cell trends ranging from +0.05 to +0.27 hPa
per decade and statistically significant trends (p < 0.05) over about 76% of the territory.
The strongest moistening is found along the northern coast and the Grand’Anse penin-
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sula, with city-scale trends of +0.25 hPa per decade at Port-de-Paix and Cap-Haïtien. In
contrast, relative humidity remained stable or declined, with significant decreases in in-
terior and southern cities such as Miragoâne (−0.82% per decade), Mirebalais (−0.75%
per decade), Jacmel (−0.60% per decade), and Port-au-Prince (−0.51% per decade). This
combination of increasing absolute moisture and decreasing relative humidity indicates
that land is warming outpaced by the moisture supply, a pattern consistent with regional
assessments [40].

Figure 4. Trends in annual mean relative humidity (RH, (a), % per decade) and water vapor pressure
(e, (b), hPa per decade) over Haiti for 1981–2020 (ERA5-Land; Sen’s slope, Mann–Kendall TFPW).
Relative humidity declines over the interior lowlands while absolute moisture increases almost
everywhere, most strongly along the northern coast and the Grand’Anse peninsula. Black dots
indicate grid cells with statistically significant trends (p < 0.05, Mann–Kendall TFPW) and the field-
wide [38] False Discovery Rate correction (α_FDR = 0.10; [39]).

 

Figure 5. Surface humidity and nocturnal warming in Haiti (1981–2020): (a) annual national series of
TN90p and vapor pressure e; (b) TN90p versus e; (c) detrended anomalies of TN90p versus e (r = 0.59,
p < 0.001); (d) detrended anomalies of the diurnal temperature range versus e (r = −0.69, p < 0.001).
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3.2. Trends of Average and Extreme Annual and Seasonal Precipitation Events
3.2.1. Trends in Average Rainfall Event Indices (1981–2020)

Figure 6a illustrates the trends per decade for PRCPTOT. The central part of the
country exhibits declining trends, while the southeastern region of Haiti shows no clear
or consistent trend. In contrast, other areas display positive trends. However, for all
periods considered, these trends are not statistically significant, except for Hinche and
Môle St. Nicolas. The PRCPTOT index reveals a decrease in the central regions of the
country that is locally significant (p < 0.05, MK-TFPW), although no grid cell passes
the field-wide False Discovery Rate correction [38], α_FDR = 0.10; [39]. These trends
should therefore be interpreted as suggestive rather than field-significant, while some
southern areas show slight increases. Among the cities studied, trends in total annual
precipitation vary. However, one place shows increasing and highly significant trends, such
as Mole St. Nicolas (46.31 mm/decade). In Hinche, a decrease of 84.58 mm per decade is
observed, and indicates statistical significance. These trends reveal a regional variability in
precipitation patterns, with notable declines in certain areas like Hinche; see Table 3.

Figure 6. Trends per decade in mean precipitation indices (PRCPTOT, RR1, SDII) over Haiti for
1981–2020, based on MSWEP V2. Red = negative trend (drying), blue = positive trend (wetting).
Black dots indicate grid cells passing both the local MK-TFPW test (p < 0.05) and the field-wide [38]
False Discovery Rate correction (α_FDR = 0.10; [39]).

Figure 6b shows decade-by-decade trends in the RR1. The RR1 index indicates a
nationwide decline, particularly in the south. The trends in the RR1 vary across the cities.
In Cayes, a decrease of about 6 days per decade is observed, whereas Jacmel shows a
decrease of about 7 days per decade. Mirebalais experiences a decrease of about 4 days per
decade, and this is statistically significant. In Miragoâne, it is observed with a decrease of
6 days per decade. These variations reflect regional disparities in the frequency of rainy
days, with Port-de-Paix showing one of the more pronounced reductions (7 days per
decade), which may indicate a shift towards drier seasons in that region; see Table 3.

The SDII shows an increase in some regions, particularly in the northwest and south-
west; see Figure 6c. The SDII shows a slight increase in most cities. In Mole St. Nicolas, the
trend shows an increase of +0.43 mm/day per decade, while Jérémie experiences a smaller
increase of +0.35 mm/day per decade and Port-de-Paix an increase of +0.25 mm/day per
decade. Hinche displays a decrease of −0.40 mm/day per decade. All four trends are sta-
tistically significant (p < 0.05, MK-TFPW). These results suggest a potential intensification
of extreme rainfall events; see Table 3.

3.2.2. Trends in the Index of Extreme Rainfall Events (1981–2020)

The results presented in Figure 7a indicate that R90p trends are increasing across
most regions of Haiti, except for the central plateau, where the trend remains close to
zero. The spatial pattern reveals slight but widespread increases in extreme rainfall values,
particularly in the northern and southern sectors of the country, suggesting a heterogeneous
intensification of heavy precipitation events. At the local scale, several urban areas show
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statistically significant positive trends. In Môle Saint-Nicolas, R90p increases by +4.96%
per decade, while Cap-Haïtien displays a smaller but still significant increase of +2.07% per
decade; see Table 3.

Figure 7. Trends per decade in extreme precipitation indices (R90p, CWD, CDD) over Haiti for
1981–2020, based on MSWEP V2. Red = drying (positive CDD or R90p decrease), blue = wetting.
Black dots indicate grid cells passing both the local MK-TFPW test (p < 0.05) and the field-wide [38]
False Discovery Rate correction (α_FDR = 0.10; [39]).

Figure 7b illustrates the decade-by-decade trends in CWD in Haiti for the year. The
results indicate a generalized decline in consecutive wet days, except for the two west-
ernmost areas and the island of Gonâve, which display upward trends. The CWD index
reveals a reduction, particularly in the southeastern regions. Across the studied cities, only
Hinche exhibits a locally significant reduction (approximately 2 days per decade, p = 0.02,
MK-TFPW), but this signal does not survive the field-wide FDR correction, and no grid cell
reaches field significance. In contrast, Port-au-Prince, Jacmel, and the remaining cities show
reductions in CWD, but none of these trends reach statistical significance. This suggests
that, despite some fluctuations, the duration of wet periods remains generally stable across
most urban areas, with only minor regional variations.

Finally, the results in Figure 7c show an increase in the CDD across almost the entire
country, but this signal is neither locally significant (only 30 of 244 grid cells reach p < 0.05)
nor field-significant after FDR correction (only 1 grid cell survives; α_FDR = 0.10 [39]). This
index highlights an extension of dry periods, particularly marked in the south and certain
places in the country, further increasing the risk of prolonged droughts. In the studied cities,
Jérémie and Miragoâne record an increase of about +2 days per decade, while Anse-à-Pitre
shows a more pronounced rise of 4 days per decade, reflecting the greater vulnerability
of this region to prolonged dry spells. Port-au-Prince, Cap-Haitien, Hinche, and the other
cities show an increase, but not a significant one; see Table 3.

Table 3. Long-term climatic trends (1981–2020) across Haiti and major urban centers. The table reports
Sen’s slope estimates (units per decade) for twelve ETCCDI climate indices, computed for the national
spatial mean (Haiti) and 14 representative cities. Trend magnitudes were derived using the Theil–Sen
robust estimator, while statistical significance was determined using the autocorrelation-corrected
Mann–Kendall test based on the Trend-Free Prewhitening (TFPW) procedure. An asterisk (*) denotes
statistical significance at the 5% level. Blue values = significant increase; red values = significant
decrease. The field-wide [38] False Discovery Rate correction (α_FDR = 0.10; [39] is applied only to
the gridded maps of Figures 2, 3 and 6, not to the point/spatial-mean series reported here. Positive
slopes indicate increasing trends over 1981–2020; negative slopes, decreasing trends.

Location Tmean
(◦C/dec)

TXmean
(◦C/dec)

TNmean
(◦C/dec)

WSDI
(days/dec)

TX90p
(%/dec)

TN90p
(%/dec)

PRCPTOT
(mm/dec)

RR1
(days/dec)

SDII
(mm/day/dec)

R90p
(%/dec)

CWD
(days/dec)

CDD
(days/dec)

Haiti (national
mean) 0.20 * 0.17 * 0.22 * 2.55 3.24 * 5.55 * −5.45 −4.68* 0.13 2.18 * −1.22 0.92

Môle-Saint-
Nicolas 0.16 * 0.12 * 0.20 * 2.22 * 2.59 * 7.31 * 46.31 * 1.30 0.43* 4.96 * 0.39 1.00

Mirebalais 0.21 * 0.20 * 0.25 * 2.05 3.52 * 5.87 * −62.38 −4.12 * −0.15 0.22 −1.25 1.62

https://doi.org/10.3390/cli14100208

https://doi.org/10.3390/cli14100208


Climate 2026, 14, 208 14 of 35

Table 3. Cont.

Location Tmean
(◦C/dec)

TXmean
(◦C/dec)

TNmean
(◦C/dec)

WSDI
(days/dec)

TX90p
(%/dec)

TN90p
(%/dec)

PRCPTOT
(mm/dec)

RR1
(days/dec)

SDII
(mm/day/dec)

R90p
(%/dec)

CWD
(days/dec)

CDD
(days/dec)

Cap-Haïtien 0.17 * 0.14 * 0.20 * 3.18 * 4.39 * 5.95 * 4.49 −4.36* 0.17 2.07 * 0.00 0.29
Gonaïves 0.16 * 0.13 * 0.23 * 0.00 3.73 * 7.04 * 5.49 −1.80 0.09 1.82 0.00 2.12
Hinche 0.23 * 0.23 * 0.28 * 3.45 * 3.13 * 4.55 * −84.58* −3.09* −0.40 * −2.21 −2.00 * 0.00
Port-au-Prince 0.21 * 0.18 * 0.23 * 0.00 4.10 * 5.98 * 4.90 −1.59 0.08 2.54 * −1.40 1.33
Jacmel 0.23 * 0.19 * 0.21 * 6.36 * 4.82 * 6.56 * −9.69 −6.72 * 0.09 1.38 −1.00 1.92
Jérémie 0.19 * 0.16 * 0.21 * 0.00 5.57 * 5.60 * 49.45 −1.88 0.35 * 1.32 0.45 1.93 *
Les Cayes 0.16 * 0.14 * 0.21 * 3.33 * 4.68 * 6.98 * 52.14 −6.15 * 0.45 3.71 −0.77 1.00
Miragoâne 0.23 * 0.21 * 0.22 * 3.61 * 5.37 * 8.02 * 11.15 −5.71* 0.12 0.16 −1.10 2.22 *
Anse-à-Pitres 0.19 * 0.15 0.21 * 3.27* 2.19 * 4.55 * 6.65 −1.06 0.19 3.45 0.00 3.73 *
Port-de-Paix 0.14 * 0.07 0.19 * 0.00 1.28 6.39 * 20.36 −6.62* 0.25* 2.81 * −0.30 1.05
Fort-Liberté 0.17 * 0.12 0.21 * 1.94 2.46 * 5.09 * 7.27 −2.32 0.13 0.78 0.00 0.34
Verrettes 0.21 * 0.16 * 0.26 * 0.00 3.22 * 5.33 * −8.05 −2.25 0.04 0.61 −1.00 1.74

4. Discussion
Maximum annual average temperatures have increased significantly, with a trend of

about 0.17 ◦C per decade in the country and local trends that can vary between 0.06 ◦C
and 0.25 ◦C per decade. In comparison, minimum annual mean temperatures also showed
increases of 0.22 ◦C/decade annually and local tendencies ranging between 0.18 ◦C and
0.28 ◦C each decade. These results followed a significant warming trajectory, consistent
with the results observed in the Caribbean region [41], which found trends of 0.06 ◦C
and 0.34 ◦C per decade for TXmean and TNmean for Barbados and Trinidad and Tobago,
ref. [9] has found trends of the order of 0.33 ◦C and 0.46 ◦C per decade, respectively, and
the regional average TXmean across the Caribbean has a trend of 0.19 ◦C/decade and
TNmean more pronounced at 0.28 ◦C/decade during the same period, according to [7]. The
regional average shows an increase of 4.24 and 7.33 percent (approximately 15 and 27 days)
in the frequency of hot days (TX90P) and hot nights (TN90P), respectively, per decade,
whereas the frequency of cool days (TX10P) was reduced by only 1.80 and 2.55 percent
for each decade [7]. Our results also indicate a predominance of night warming over day
warming, with warm day and night trends of 3.24% and 5.55% (about 12 and 20 days) per
decade, respectively. There is also a positive correlation between hot days and nights, as
in studies on global temperature change [42]. Our results are consistent with observed
global and regional warming patterns, as highlighted by previous studies [9]; see Table 4.
The warming trends identified in Haiti are in line with regional analyses that highlight an
increase in extreme thermal indices in the Caribbean [40,43].

The 0.1◦ (~11 km) native resolution of ERA5-Land and MSWEP is coarser than the
horizontal scale of Haiti’s mountainous relief (Massif de la Selle, Massif de la Hotte and
Chaîne des Matheux, all peaking above 2000 m within 20–30 km horizontal distance).
At this resolution, one grid cell often mixes summit and valley conditions, producing
a systematic warm bias at high altitudes (typically 1–2 ◦C; see [23] for the Caribbean)
and a smoothing of orographic rainfall gradients. Validation against the Haitian station
network of the SIMBI database [1] (24 catchments) shows that ERA5-Land captures the
annual cycle and interannual variability well (r > 0.85 for monthly T; r > 0.70 for monthly
p) but underestimates extreme daily rainfall by 20–35% on the windward slopes. The
trends reported here should therefore be interpreted at the regional (departmental) scale
rather than at individual grid cells, and city-level results near steep topography (Hinche,
Mirebalais) carry higher uncertainty than coastal cities.

This city-level analysis provides a first spatially explicit baseline of exposure to chang-
ing temperature and humidity extremes for the ten Haitian departments, on which future
dedicated vulnerability studies can build. Because warmer, more humid nights raise the de-
mand for cooling and the risk of night-time heat stress [14], and because the largest TN90p
trends are located in Nippes (Miragoane +8.0%/dec.), the North-West (Môle-Saint-Nicolas
+7.3%/dec.), the Artibonite (Gonaïves +7.0%/dec.) and the South (Les Cayes +7.0%/dec.)—
departments where access to electricity is among the most limited in Haiti—the trends
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reported here identify these regions as priority areas for future studies on climate-related
energy and health vulnerability. Formal exposure/vulnerability assessments, which require
detailed demographic and infrastructure data beyond the scope of this study, are the subject
of a follow-up article.

Table 4. Summary of results observed in Haiti and certain regions of the Caribbean.

Climate Indicator Haïti (1981–2020) Barbados
[41]

Trinidad and
Tobago [9]

Regional Average
Caribbean [7]

Annual Maximum Temperature
Trends (TXmean) +0.17 ◦C/decade +0.06 ◦C/decade +0.33 ◦C/decade +0.19 ◦C/decade

Annual Minimum Temperature
Trends (TNmean) +0.22 ◦C/decade +0.34 ◦C/decade +0.46 ◦C/decade +0.28 ◦C/decade

Frequency of Hot Days (TX90P) +3.24%
(~12 additional days) Not specified Not specified +4.24% regional average

Frequency of Hot Nights
(TN90P)

+5.55%
(~20 additional days) Not specified Not specified +7.33% regional average

Frequency of Cold Days (TX10P) Not specified Not specified Not specified Similar decrease
observed in the region

Warm Spell Duration Index
(WSDI)

+2.55 days/decade
(not significant) Not specified Not specified Not specified

Total Annual Rainfall
(PRCPTOT)

No significant trend
(5%) Not specified No significant trend [9] No significant trend [7]

Consecutive Dry Days (CDD) No significant trend
(5%) Not specified Not specified Increase observed since

the mid-1990s

The predominance of nocturnal over diurnal warming can be physically explained by
the concurrent moistening of the near-surface atmosphere; see Figure 5. Water vapor is the
main greenhouse absorber controlling downwelling longwave radiation at night: an increase in
atmospheric moisture reduces nocturnal surface cooling and narrows the diurnal temperature
range [13,14]. Over Haiti, after removing the long-term trends, the interannual variability of the
annual mean vapor pressure remains strongly correlated with TN90p (r = 0.59, p < 0.001) and
TNmean (r = 0.68, p < 0.001) and anticorrelated with the diurnal temperature range (r = −0.69,
p < 0.001), whereas no relationship is found with TX90p (r = 0.07, not significant). When the
influence of daytime warming is controlled for, the partial correlation between TN90p and vapor
pressure reaches r = 0.80 (p < 0.001). These results identify the water-vapor greenhouse effect
as a key driver of the faster warming of nights than days in Haiti. The observed moistening
is consistent with the sustained warming of the surrounding Caribbean Sea, which enhances
evaporation and the transfer of heat and moisture to the atmosphere [44], while the concurrent
decline of relative humidity has also been documented at the regional scale [40].

Results over the study period reveal no field-significant trend in PRCPTOT after [38]
False Discovery Rate correction (α_FDR = 0.10 [39]), either at the national scale or across
the country as a whole; only a few isolated grid cells (mainly in the central plateau) show
a locally significant decrease at p < 0.05 (MK-TFPW). Similarly, no significant increase in
SDII was observed. The spatial variability of PRCPTOT observed across Haiti does not
exhibit a coherent or systematic regional signal. This result is consistent with previous
studies, which highlight the dominance of strong natural variability in precipitation over
interannual to decadal timescales in the Caribbean region [7,45,46].

Our results indicate a rising tendency and intensification of drought episodes in Haiti.
Although this trend is not statistically significant at the national scale, the spatial analysis
reveals more pronounced and statistically significant signals in specific areas, particularly in
the South-East and the Northern regions of the country. This evolution is broadly consistent
with the findings of [7,20], who reported an increase in CDD across the Caribbean region.
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It is essential to recognize the limitations of our study, particularly regarding precip-
itation, which is derived from reanalysis and merged products that are fundamentally
model-based rather than direct observations. In regions such as Haiti, where the density of
long-term in situ rain gauge observations is limited, precipitation estimates rely heavily on
numerical models and satellite retrievals, introducing additional uncertainties.

Another important limitation arises from the highly complex and mountainous to-
pography of Haiti, which remains difficult to represent accurately using gridded datasets.
Products such as ERA5-Land and MSWEP, with a spatial resolution of about 11 km, in-
evitably smooth sharp spatial gradients in rainfall and temperature. This smoothing may
lead to an underestimation of precipitation on windward slopes, especially in the Massif de
la Selle and the Massif de la Hotte, and an overestimation in rain-shadow regions such as
the Cul-de-Sac plain or the Gonaïves area. These potential biases are consistent with recent
findings showing strong spatial heterogeneity in rainfall across Haiti [1]. Nevertheless,
validation studies [1,23] indicate that MSWEP remains among the most reliable datasets
for regional-scale rainfall analyses in the absence of a dense and continuous network of
meteorological stations. This reinforces the relevance of the datasets used in this study
while underscoring the need to strengthen Haiti’s observational capacity to improve future
climate assessments. In summary, reanalysis datasets provide an essential foundation for
climate trend analysis in Haiti, but their use must be accompanied by a critical understand-
ing of their limitations, particularly the smoothing of orographic rainfall patterns and the
sensitivity of accuracy to observational density consistent with the conclusions of [24,25].

5. Conclusions
This study aims to detect and quantify potentially significant linear trends in Haiti’s climate

over the period 1981–2020, with a particular focus on annual variations in mean and extreme
temperature and precipitation indices. Climate indices were computed using CDO, and long-
term tendencies were assessed using the non-parametric Mann–Kendall test. To ensure reliability
in the presence of serial autocorrelation, frequent in hydroclimatic time series, trend estimation
was improved by applying Sen’s slope estimator for magnitude assessment and a Trend-Free
Pre-Whitening (TFPW) approach to reduce the influence of persistence in the data.

In the absence of dense, continuous, and homogeneous in situ observations, this work
relies on ERA5 reanalysis for temperature and MSWEP V2 for precipitation, both selected
for their high spatial resolution and demonstrated skill in the Caribbean region. Annual
values were extracted for each index, and decadal-scale tendencies were also explored to
capture the temporal structure of climatic change and evaluate potential accelerations or
regime shifts throughout the 40-year analysis window. The results of this study provide
important insights into the progression of moderate and extreme weather events in Haiti
over the past four decades.

Overall, all temperature indices (mean, maximum, and minimum) show signifi-
cant increases, accompanied by more frequent warm spells and higher occurrences of
extreme temperatures. These robust and spatially coherent warming trends indicate that
temperature-related indices in Haiti have clearly emerged from the background of natural
climate variability, reflecting a dominant anthropogenic forcing rather than internal climate
variability alone. This interpretation is consistent with the IPCC Sixth Assessment Report,
which shows that observed temperature increases and heat extremes have emerged from
natural variability at both global and regional scales since the mid-20th century [4]. These
changes are consistent with global warming trends and highlight the need for climate
adaptation measures in Haiti. In particular, the predominance of nocturnal warming is
physically consistent with the observed increase in near-surface water vapor (+0.15 hPa

https://doi.org/10.3390/cli14100208

https://doi.org/10.3390/cli14100208


Climate 2026, 14, 208 17 of 35

per decade), which strengthens the nighttime greenhouse effect and narrows the diurnal
temperature range.

While total rainfall does not show significant long-term trends, the reduction in wet
days and consecutive wet periods, combined with an increase in extreme rainfall events
(R90p) and consecutive dry days, underscores the growing pressure on key sectors such as
agriculture, water supply, and public health. The absence of statistically significant trends
in total precipitation is consistent with the strong role of natural variability in rainfall,
as highlighted by [4] AR6, even in a warming climate. Appropriate adaptation and risk
management strategies must be developed to strengthen local communities’ resilience.

It is worth noting that nights have warmed faster than days: minimum temperatures
and warm nights (TN90p, Figure A5) rise more steeply than their daytime equivalents.
Such a narrowing of the diurnal temperature range is commonly reported under global
warming and is usually attributed to higher atmospheric humidity, greater cloud cover,
and the enhanced downward longwave flux associated with greenhouse gases [5]; around
Port-au-Prince, urban growth may amplify it locally. The drying signal, in contrast, is
regional rather than national, with consecutive dry days increasing mainly in the South-East
and the North. This pattern is consistent with the strong influence of tropical sea-surface
temperatures and ENSO on rainfall over the Greater Antilles [47]. The temperature signal,
therefore, appears robust and likely to persist, whereas the rainfall signal remains tied to
large-scale modes whose future evolution is more uncertain.

These changes have practical consequences for two sectors critical to Haiti. On the
demand side, more frequent hot days, hotter nights, and longer warm spells (Figure A6)
increase the need for ventilation, refrigeration, and air conditioning, adding to the load on
an electricity system that already fails to meet demand for much of the day; in a humid
tropical setting, heat-stress indices such as the wet-bulb globe temperature describe this
discomfort and the cooling demand it generates better than air temperature alone [40]. On
the supply side, fewer rainy days and longer dry spells lower river discharge and reservoir
storage, and with them, the electricity that can be produced at plants such as Péligre, on the
Artibonite, a basin that Haiti shares with the Dominican Republic; the parallel increase in
very wet days (R90p) adds a risk of flooding and sedimentation for the same infrastructure.
The climate that drives cooling demand upward is therefore the same climate that is eroding
the hydropower able to meet it, an interaction that sets the baseline for the work on Haiti’s
hydro-energy resilience.

Finally, this study opens important avenues for future research, including the projec-
tion of extreme temperature and precipitation events and more detailed trend analyses at
the departmental scale. Assessing the evolution of climate change in Haiti at the seasonal
scale is also essential, as seasonal analyses can reveal shifts in rainfall regimes and tempera-
ture extremes that are not always apparent in annual averages. As climate data continue
to evolve, future work could also explore the links between climatic trends and critical
societal dimensions such as migration, food security, and natural resource management.

Supplementary Materials: The following supporting information can be downloaded at https://www.
mdpi.com/article/10.3390/cli14100208/s1. Table S1: Haiti-averaged annual series of TN90p, TNmean,
RH, e, dew point (1981–2020) [CSV]. Table S2: Sen slope, Kendall Tau, p-value (MK-TFPW) and R2 for the
14 cities × 12 ETCCDIs [CSV]. Table S3: Compact per-city summary of trends per decade with significance
markers [CSV]. Dataset S1: hurs_1981–2020.nc—annual mean relative humidity on the ERA5-Land 0.1◦ grid
over Hispaniola (NetCDF-4, CF-1.6). Dataset S2: vape_1981–2020.nc—annual mean vapor pressure on the
same grid (NetCDF-4, CF-1.6). Dataset S3: Gridded_trends_GeoTIFF/—24 GeoTIFF files (per-decade Sen
slope and MK-TFPW p-value for each of the 12 ETCCDIs, EPSG:4326, 0.1◦ resolution). Full documentation
(variable definitions, grid specification, provenance) is provided in README.txt within the archive.
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Abbreviations
The following abbreviations are used in this manuscript:

CDD Consecutive Dry Days
CDS Copernicus Climate Data Store
CWD Consecutive Wet Days
DTR Diurnal Temperature Range
ERA5 Fifth generation ECMWF atmospheric reanalysis
ETCCDI Expert Team on Climate Change Detection and Indices
IPCC Intergovernmental Panel on Climate Change
MK Mann–Kendall
MSWEP Multi-Source Weighted-Ensemble Precipitation
PRCPTOT Total precipitation on wet days
R90p Very wet days (precipitation above the 90th percentile)
RH Relative Humidity
RR1 Number of days with precipitation ≥ 1 mm
SDII Simple Daily Intensity Index
SIDS Small Island Developing States
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TFPW Trend-Free Pre-Whitening
TN90p Warm nights (Tmin above the 90th percentile)
TNmean Mean daily minimum temperature
TX90p Warm days (Tmax above the 90th percentile)
TXmean Mean daily maximum temperature
WSDI Warm Spell Duration Index

Appendix A. City-Level Annual Time Series
This appendix provides, for each of the twelve ETCCDIs, the annual time series over

the period 1981–2020 for Haïti (national mean) and for each of the 14 studied cities. In each
panel, the blue line with circular markers shows the observed annual values and the red
line shows the Theil–Sen linear fit. The Sen slope per decade, Kendall tau, p-value from the
Mann–Kendall Trend-Free Prewhitening test, and R2 of the linear regression are reported
in each panel. An asterisk (*) after the Sen slope denotes statistical significance at p < 0.05.

Figure A1. Annual mean temperature (Tmean)—annual time series for Haiti and the 14 cities of
interest (1981–2020). In each panel, the blue line with circular markers shows the observed annual
values and the red line shows the Theil–Sen linear fit. Statistics in each panel: Sen slope per decade
(* = significant at p < 0.05, MK-TFPW), Kendall tau, p-value, R2.
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Figure A2. Annual mean daily maximum temperature (TXmean)—annual time series for Haiti and
the 14 cities of interest (1981–2020). In each panel, the blue line with circular markers shows the
observed annual values and the red line shows the Theil–Sen linear fit. Statistics in each panel: Sen
slope per decade (* = significant at p < 0.05, MK-TFPW), Kendall tau, p-value, R2.
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Figure A3. Annual mean daily minimum temperature (TNmean)—annual time series for Haiti and
the 14 cities of interest (1981–2020). In each panel, the blue line with circular markers shows the
observed annual values and the red line shows the Theil–Sen linear fit. Statistics in each panel: Sen
slope per decade (* = significant at p < 0.05, MK-TFPW), Kendall tau, p-value, R2.
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Figure A4. Warm days (TX90p)—annual time series for Haiti and the 14 cities of interest (1981–2020).
In each panel, the blue line with circular markers shows the observed annual values and the red line
shows the Theil–Sen linear fit. Statistics in each panel: Sen slope per decade (* = significant at p < 0.05,
MK-TFPW), Kendall tau, p-value, R2.
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Figure A5. Warm nights (TN90p)—annual time series for Haiti and the 14 cities of interest (1981–2020).
In each panel, the blue line with circular markers shows the observed annual values and the red line
shows the Theil–Sen linear fit. Statistics in each panel: Sen slope per decade (* = significant at p < 0.05,
MK-TFPW), Kendall tau, p-value, R2.
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Figure A6. Warm spell duration index (WSDI)—annual time series for Haiti and the 14 cities of
interest (1981–2020). In each panel, the blue line with circular markers shows the observed annual
values and the red line shows the Theil–Sen linear fit. Statistics in each panel: Sen slope per decade
(* = significant at p < 0.05, MK-TFPW), Kendall tau, p-value, R2.

https://doi.org/10.3390/cli14100208

https://doi.org/10.3390/cli14100208


Climate 2026, 14, 208 25 of 35

Figure A7. Total annual precipitation (PRCPTOT)—annual time series for Haiti and the 14 cities of
interest (1981–2020). In each panel, the blue line with circular markers shows the observed annual
values and the red line shows the Theil–Sen linear fit. Statistics in each panel: Sen slope per decade
(* = significant at p < 0.05, MK-TFPW), Kendall tau, p-value, R2.
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Figure A8. Number of wet days (RR1)—annual time series for Haiti and the 14 cities of interest
(1981–2020). In each panel, the blue line with circular markers shows the observed annual values and
the red line shows the Theil–Sen linear fit. Statistics in each panel: Sen slope per decade (* = significant
at p < 0.05, MK-TFPW), Kendall tau, p-value, R2.
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Figure A9. Simple daily intensity index (SDII)—annual time series for Haiti and the 14 cities of
interest (1981–2020). In each panel, the blue line with circular markers shows the observed annual
values and the red line shows the Theil–Sen linear fit. Statistics in each panel: Sen slope per decade
(* = significant at p < 0.05, MK-TFPW), Kendall tau, p-value, R2.
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Figure A10. Very wet days (R90p)—annual time series for Haiti and the 14 cities of interest
(1981–2020). In each panel, the blue line with circular markers shows the observed annual val-
ues and the red line shows the Theil–Sen linear fit. Statistics in each panel: Sen slope per decade
(* = significant at p < 0.05, MK-TFPW), Kendall tau, p-value, R2.
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Figure A11. Maximum consecutive wet days (CWD)—annual time series for Haiti and the 14 cities of
interest (1981–2020). In each panel, the blue line with circular markers shows the observed annual
values and the red line shows the Theil–Sen linear fit. Statistics in each panel: Sen slope per decade
(* = significant at p < 0.05, MK-TFPW), Kendall tau, p-value, R2.

https://doi.org/10.3390/cli14100208

https://doi.org/10.3390/cli14100208


Climate 2026, 14, 208 30 of 35

Figure A12. Maximum consecutive dry days (CDD)—annual time series for Haiti and the 14 cities of
interest (1981–2020). In each panel, the blue line with circular markers shows the observed annual
values and the red line shows the Theil–Sen linear fit. Statistics in each panel: Sen slope per decade
(* = significant at p < 0.05, MK-TFPW), Kendall tau, p-value, R2.

Appendix B. Complementary Humidity Time Series
This appendix provides the city-level annual time series of the two near-surface

humidity indicators derived from ERA5-Land (2 m temperature and 2 m dew point,
1981–2020, 0.1◦ resolution) using the improved Magnus approximation of the saturation
vapor pressure [37]. For each panel, Sen’s slope (per decade), the Kendall correlation
coefficient (Tau), the associated p-value from the Mann–Kendall test with Trend-Free Pre-
Whitening (TFPW), and the coefficient of determination of the linear fit (R2) are reported.
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Figure A13. Annual mean near-surface relative humidity (RH, %) for Haiti and the fourteen cities of
interest (1981–2020). The blue line shows the observed annual values, the red line the Sen’s slope fit,
and each panel reports the Sen slope per decade, Kendall Tau, p-value of the Mann–Kendall TFPW
test, and R2 of the linear regression.
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Figure A14. Annual mean near-surface vapor pressure (e, hPa) for Haiti and the fourteen cities of
interest (1981–2020). Same conventions as Figure A13.
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Appendix C. Distance Between Each City Centroid and the Nearest
Terrestrial Land Cell of the ERA5-Land/MSWEP 0.1◦ Grid Used
for Extraction

Table A1. Italic city names: coastal cities whose exact centroid falls on an ocean cell; the nearest
terrestrial land cell (great-circle minimum, restricted to grid cells with non-constant time series) is
used for extraction (national land mask).

City City Lat (◦N) City Lon (◦W) Grid Pixel Lat (◦N) Grid Pixel Lon (◦W) Distance (km)

Môle-Saint-Nicolas 19.8000 73.3833 19.8500 73.3500 6.56

Port-de-Paix 19.9315 72.8045 19.9500 72.8500 5.18

Cap-Haïtien 19.7500 72.2000 19.7500 72.2500 5.23

Fort-Liberté 19.6637 71.8465 19.6500 71.8500 1.57

Gonaïves 19.4500 72.6833 19.4500 72.6500 3.49

Verrettes 19.0500 72.4800 19.0500 72.4500 3.15

Hinche 19.1500 71.8333 19.1500 71.8500 1.75

Mirebalais 18.8342 72.1067 18.8500 72.1500 4.88

Port-au-Prince 18.5333 72.3333 18.5500 72.3500 2.56

Anse-à-Pitres 18.0700 71.7700 18.0500 71.7500 3.07

Jacmel 18.2333 72.5333 18.2500 72.5500 2.56

Miragoâne 18.4444 73.0844 18.4500 73.0500 3.68

Les Cayes 18.2000 73.8000 18.2500 73.8500 7.67

Jérémie 18.6333 74.1167 18.6500 74.1500 3.97
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