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Abstract

This study investigates historical and future climate variability in the Canagagigue Creek
Watershed, located in southern Ontario, through statistical downscaling and trend as-
sessment of key climate variables. Future climate projections from the Canadian Global
Circulation Model (CGCM2) under SRES A2 and B2 emission scenarios were downscaled
using the Statistical Downscaling Model (SDSM) to generate daily maximum tempera-
ture (Tmax), minimum temperature (Tp,in), and precipitation series for the future period
of 2025 to 2044. Historical observations were used to calibrate (1961-1990) and validate
(1991-2001) SDSM performance as well as to evaluate long-term trends in local climate
conditions. Results indicate that SDSM provides better downscaling performance for tem-
perature variables than for precipitation, with reliable reproduction of historical Trmax and
Tmin patterns (NSE > 0.98). Downscaled future projections suggest consistent warming
across the watershed, characterized by warmer winters and hotter summers, along with
reduced temperature variability. Historical trend analysis reveals significant increases only
in Tin (0.033 °C per decade, p = 0.076), while Trax and precipitation trends show weak
or statistically insignificant changes. Future trends similarly indicate notable increases
in Tpyin, particularly during winter months (up to 0.13 °C per decade, p < 0.05), whereas
changes in mean precipitation (Pmean) remain minimal. Increased summer precipitation
variability, however, suggests a greater likelihood of heavy rainfall events, albeit with
large uncertainty. Overall, this study demonstrates the utility of statistical downscaling
for generating watershed-scale climate information and provides insight into evolving
temperature and precipitation patterns that may influence environmental and resource
management planning in southern Ontario.
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1. Introduction

Over the last century, the impacts of climate change have become increasingly evident
across both natural and human-influenced environments. These changes are affecting at-
mospheric processes worldwide [1]. The Sixth Assessment Report of the Intergovernmental
Panel on Climate Change (IPCC) shows that the Earth’s average surface temperature during
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the last two decades was approximately 1.1 °C higher than during the pre-industrial period
(1900s). The report clearly states that this warming is unequivocal. It also confirms that
human activities, particularly rising greenhouse gas concentrations in the atmosphere, are
the primary cause of this long-term warming trend [2]. While global- and continental-scale
assessments provide essential evidence of climate change, their utility for decision-making
depends on the translation of broad-scale climate signals into locally relevant information.
This scale dependency highlights a fundamental challenge in climate science: reconciling
global climate projections with local environmental processes that directly influence water
resources, ecosystems, and land management [1].

The need for localized climate assessment is particularly acute at the watershed scale,
where climatic variability directly governs hydrological behavior, sediment transport, and
water quality [3,4]. Watersheds represent the primary spatial unit for water-resource
management, linking climate forcing with land use, soil characteristics, and ecological
responses. In southern Ontario, watersheds support highly productive agricultural systems,
dense population centers, and ecologically sensitive aquatic environments [5-7]. In recent
decades, the region has experienced increasing climate-related impacts, including more fre-
quent flooding associated with intense rainfall events, prolonged summer dry periods and
droughts affecting agricultural production, warmer winters with reduced snow cover, and
more frequent freeze-thaw cycles [5,8]. These trends are projected to intensify under future
climate scenarios, altering seasonal water balances, increasing evapotranspiration, and am-
plifying both flood and drought risks [9,10]. Consequently, high-resolution, watershed-scale
climate information is essential for effective environmental and water-resource planning in
southern Ontario.

Global Climate Models (GCMs) remain the cornerstone of future climate projection,
simulating climate system responses to varying greenhouse gas emission scenarios based
on assumptions about population growth, economic development, and energy use [2,11].
Models such as the Canadian Global Climate Model version 2 (CGCM2) have been widely
applied to project future temperature and precipitation under IPCC Special Report on
Emissions Scenarios (SRES), including the A2 and B2 pathways [11]. However, GCMs
operate at coarse spatial resolutions, typically exceeding 100 km, which limits their ability
to capture local climate variability, extremes, and site-specific influences such as land-use
heterogeneity, topography, and proximity to large water bodies [12,13]. Numerous studies
have shown that direct application of GCM outputs at local scales often results in biased
representations of daily temperature and precipitation patterns, particularly for extreme
events critical to environmental impact assessments [14,15].

To overcome these limitations, downscaling approaches have become essential
for translating coarse-resolution GCM projections into locally relevant climate informa-
tion [13,16]. Statistical downscaling methods establish empirical relationships between
large-scale atmospheric predictors and local surface climate variables, enabling the genera-
tion of site-specific, high-resolution daily climate time series [12]. Compared to dynamical
downscaling using Regional Climate Models, statistical approaches are computationally
efficient, flexible, and well suited for studies requiring multiple scenarios and long-term
simulations [17]. Recent studies demonstrate that statistical downscaling can reliably
reproduce historical climate characteristics when appropriately calibrated, particularly
for temperature variables, while precipitation remains more uncertain due to its inherent
spatial and temporal variability [18,19].

Among available statistical downscaling tools, the Statistical Downscaling Model
(SDSM) is one of the most widely applied and well-documented frameworks, especially
in Canadian climate studies [12,16,20]. SDSM combines multiple linear regression with a
stochastic weather generator to simulate daily maximum temperature (Tmax), minimum
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temperature (Tpin), and precipitation based on large-scale atmospheric predictors derived
from GCMs. Its transparency, modest data requirements, and compatibility with Canadian
climate datasets have contributed to its extensive use in regional and watershed-scale
applications across Canada [21,22]. Continued methodological refinements have further
strengthened its relevance for contemporary climate assessments, including improved
predictor selection, bias correction, and representation of climate variability [17,23]. Alter-
native downscaling approaches include dynamical downscaling using Regional Climate
Models (RCMs) and more recent machine learning (ML) methods (e.g., random forests,
deep learning). RCMs provide physically consistent outputs but are computationally ex-
pensive and require substantial expertise. ML methods can capture non-linearities but
often lack interpretability and require large training datasets. SDSM was selected for this
study because it is transparent, computationally efficient, well-documented for Canadian
climates, and possesses attributes well-suited for a watershed-scale impact assessment.

While more recent Global Climate Models from CMIP5 and CMIP6 are now standard
for climate projections, this study employs the Canadian Global Climate Model version
2 (CGCM2) under the SRES A2 high-emission scenario for three primary reasons. First,
CGCM2 provides a well-established benchmark that has been widely used in earlier Cana-
dian watershed studies (e.g., Bonsal et al., [24]; Dibike & Coulibaly, [25]), allowing direct
methodological comparison and continuity with prior regional impact assessments. Sec-
ond, the principal objective of this study is to develop and rigorously validate a statistical
downscaling approach (SDSM) for generating reliable, watershed-scale daily climate series,
rather than to provide a multi-model ensemble projection. Using a single, well-documented
climate model ensures clarity in evaluating downscaling performance and trend charac-
teristics without introducing inter-model variability that would obscure the assessment of
the downscaling method itself. Third, the climate change signals identified in this study,
including consistent warming, particularly in minimum temperature, changes in seasonal
variability, and altered precipitation patterns, are broadly consistent with findings from
more recent CMIP5- and CMIP6-based studies in southern Ontario [26,27]. This agreement
suggests that the directional trends reported here are robust, even though the absolute
magnitudes may be refined with newer models.

Recent applications of SDSM and related statistical downscaling approaches reinforce
both their strengths and limitations. Multiple studies indicate that downscaled temperature
variables, particularly Tpin, exhibit strong agreement with observed trends, whereas pre-
cipitation projections show greater uncertainty and weaker statistical significance [28,29].
Similar findings have been reported across diverse climatic regions, emphasizing the im-
portance of localized evaluation of downscaled outputs prior to application in impact and
planning studies [14,19].

Despite the widespread use of SDSM and the availability of CGCM-based projections,
a notable research gap persists. Localized climate trend assessments for small watersheds
in southern Ontario remain limited, particularly those integrating long-term historical
trend analysis with statistically downscaled CGCM projections at daily resolution [7,10].
Many existing studies focus on regional or basin-scale analyses, providing limited insight
into fine-scale climate variability and seasonal trends that are critical for watershed-specific
environmental management. While SDSM has been applied in many Canadian studies,
very few have combined a multi-decadal historical probability density function (PDF)
trend analysis with downscaled projections for a small agricultural watershed. Moreover,
most previous work focused on mean changes; this study explicitly examines changes
in variability, extremes, and spell lengths. These features provide new, locally relevant
insights for water quality and erosion management in southern Ontario.
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Within this context, the Canagagigue Creek Watershed, a sub-watershed of the Grand
River in southern Ontario, Canada, provides a representative case study. The watershed’s
intensive agricultural land use, documented water quality concerns, and sensitivity to hy-
droclimatic variability highlight the need for localized, high-resolution climate information
to support adaptive planning and management [3,6].

Accordingly, this study seeks to address the identified research gap by conducting a
localized climate change assessment using a statistical downscaling approach. The specific
objectives are: (1) to evaluate historical trends (1940-2003) in daily maximum tempera-
ture (Tmax), minimum temperature (Tmin), and precipitation within the Canagagigue
Creek Watershed; (2) to downscale CGCM2 climate projections under the SRES A2 and B2
emission scenarios over a 30-year period, including 10 years (2015-2024) for model verifi-
cation and 20 years (2025-2044) for future projections, using the Statistical Downscaling
Model (SDSM); (3) to assess projected changes for 2025-2044 by presenting confidence
and prediction interval analyses to illustrate variability in temperature and precipitation at
the watershed scale. By combining historical trend analysis with statistically downscaled
climate projections, this study provides reliable, watershed-scale climate insights to support
environmental management and water resource planning in southern Ontario.

2. Study Area and Data
2.1. Description of Study Area

The Canagagigue Creek Watershed (CCW) is located in southern Ontario, Canada,
near the community of Floradale, and forms part of the upper Grand River Basin. The
watershed lies between latitudes 43°36' N and 43°42’ N and longitudes 80°33’ W and
80°38’ W and drains an area of approximately 53 km? [30,31]. The large-scale atmospheric
predictor variables were extracted from the nearest grid cells of the NCEP reanalysis and
HadCM3 GCM datasets. The NCEP reanalysis data were available at a spatial resolution
of 2.5° latitude x 2.5° longitude, corresponding to an approximate regional coverage
of 278 km x 203 km over southern Ontario. Similarly, the HadCM3 GCM predictors
were available at a spatial resolution of 2.5° latitude x 3.75° longitude, representing an
approximate grid size of 278 km x 304 km in the study region. These large-scale predictor
grids represent synoptic atmospheric conditions and were extracted from the nearest grid
cells centered at 42.5° N, 80.0° W (NCEP) and 42.5° N, 78.75° W (HadCM3) relative to
the centroid of the Canagagigue Creek Watershed (43.39° N, 80.58° W) [15]. Flow from
the watershed ultimately contributes to the Grand River, one of the most significant river
systems in Ontario, which discharges into Lake Erie. The spatial extent of the watershed
and its location within the Grand River Basin are shown in Figure 1.

Topographically, the Canagagigue Creek Watershed is characterized by low relief,
with an average elevation of approximately 417 m above sea level and gentle slopes
generally less than 1.5%. Although the watershed has low topographic relief, minor spatial
heterogeneity in temperature and precipitation may arise from variations in land cover
(agriculture vs. forest), soil moisture, and distance from the Great Lakes (approximately
100 km to Lake Erie). This subdued terrain reflects the glacial history of southern Ontario
and influences runoff generation, drainage density, and sediment transport processes. Soils
within the watershed are predominantly loam and silt loam, with smaller areas of sandy
loam, derived from glacial till and lacustrine deposits [32,33]. These soil textures exhibit
moderate permeability and erodibility, making the watershed responsive to changes in
precipitation intensity and seasonal moisture conditions.

The climate of the CCW is continental humid, with cold winters and warm summers
typical of southern Ontario. The mean annual air temperature is approximately 6.5 °C,
and precipitation is distributed throughout the year, with snowfall contributing signifi-
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cantly to winter moisture storage and spring runoff [31]. Annual evaporation accounts
for roughly 65% of total precipitation, reflecting the balance between climatic demand
and land-surface processes. As a result, the watershed is sensitive to interannual climate
variability, particularly shifts in temperature, snowfall, and rainfall intensity.

Canagagigue Creek Watershed (CCW) NCEP Reanalysis Grid (2.5° x 2.5°)
Southern Ontario, Canada

(1961-1990)

Grid spacing: 2.5° latitude x 2.5° longitude
(= 278 km x 203 km at ~43°N)
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Data source: Canadian Climate Impacts Scenarios (http; cics. uvic. cgi)

Figure 1. Location of the Canagagigue Creek Watershed.

Land use within the Canagagigue Creek Watershed is dominated by agriculture,
which occupies approximately 80% of the total area. Major crops include soybean, corn,
and winter wheat, with additional areas of hay and pasture. Forested land covers about
11% of the watershed, while wetlands, residential areas, and open water constitute
a minor fraction [30,31]. The distribution of land use and soil types is presented in
Supplementary (S1), Figure S1.

The predominance of agricultural land use, combined with gently sloping terrain and
moderately erodible soils, has important hydrological and environmental implications.
Previous studies have identified the CCW as a significant contributor of sediment and
nutrients, particularly nitrogen and phosphorus, to the Grand River system [3,6,21]. These
characteristics make the Canagagigue Creek Watershed a representative and environmen-
tally important case study for assessing localized climate variability and its implications
for watershed management in southern Ontario.

2.2. Climate Data

Observed daily climate data were used for statistical downscaling, calibration, val-
idation, and historical climate characterization. The variables considered include daily
maximum temperature (Tmax), daily minimum temperature (Tp,n), and daily mean precipi-
tation (Pmean). These data were obtained for the Fergus climate station in southern Ontario
from the archived Canadian Daily Climate Data (CDCD) database maintained by Environ-
ment and Climate Change Canada. The observational record spans 1940-2003, providing a
long-term dataset suitable for baseline characterization and trend analysis, consistent with
established downscaling studies [16]. According to the World Meteorological Organization
(WMO), climate studies generally use at least 30 years of data (for example, 1961-1990).
This is because climate describes the long-term average pattern of weather, not short-term
changes from year to year. Using a 30-year period helps smooth out temporary ups and
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downs in temperature or rainfall and provides a reliable baseline for comparing climate
trends across different regions and time periods [25].

Prior to their application in the Statistical Downscaling Model (SDSM), the observed
datasets were subjected to quality control procedures. Screening included checks for missng
values, unrealistic extremes, and internal consistency between temperature variables. Addi-
tional assessment was conducted using the SDSM Quality Control module, which permits
limited missing data in observed predictands. For the period used in SDSM calibration
(1961-1990) and validation (1991-2001), the proportion of missing data was very small:
0.16% for daily Tmax, 0.13% for daily Tpin, and 0.13% for daily Pmean. Given these low per-
centages, no infilling was applied, and uncertainties related to data gaps were considered
negligible. A summary of data availability and missing records is provided in Table 1.

Table 1. Summary of observed climate data and missing records used in SDSM.

Variabl Data Length Missing Data S R K
anable Observed Downscaled (Days) ource erarks
(1961-1990), 1961-2002 Canadian Daily Climate 0167 of observed data
. . . missing during 1961-2002;
T calibration and (baseline) and o1 Data (CDCD), downscaled series
max (1991-2001) 2015-2044 Environment and enerated by SDSM
validation periods (downscaled) Climate Change Canada &€l oY
contains no missing values
(1961-1990) 1961-2002 Canadian Daily Climate 0207 of observed data
oo . missing during 1961-2002;
T calibration and (baseline) and 21 Data (CDCD), downscaled series
mm (1991-2001) 2015-2044 Environment and nerated by SDSM
validation periods (downscaled) Climate Change Canada generated by,
contains no missing values
(1961-1990), 1961-2002 Canadian Daily Climate 0137 of observed data
. . . missing during 1961-2002;
P calibration and (baseline) and 20 Data (CDCD), downsealed precipitation
mean (1991-2001) 2015-2044 Environment and o enera{’e p bp SDSA
validation periods (downscaled) Climate Change Canada & y

contains no missing values

Large-scale atmospheric predictor variables required for downscaling were derived
from the Canadian Global Circulation Model version 2 (CGCM2), developed by the Cana-
dian Center for Climate Modeling and Analysis. Global Circulation Models have been
widely applied for future climate projection since the 1990s, typically using 1961-1990
as the baseline climatological period [16,25]. CGCM2 operates at a coarse spatial res-
olution of approximately 3.75° x 3.75°, corresponding to grid dimensions of about
417 km x 342 km over southern Ontario [34], which necessitates statistical downscaling
for station-scale applications.

CGCM2 provides climate projections under multiple Special Report on Emissions
Scenarios (SRES), including A2 and B2, as documented by the Canadian Climate Change
Scenarios Network [35]. The A2 scenario represents a heterogeneous, regionally focused
world with high population growth and relatively high greenhouse gas emissions, whereas
the B2 scenario emphasizes local environmental sustainability, lower population growth,
and reduced cumulative emissions [35]. Both scenarios are based on a 1% annual increase
in effective CO, concentration after 1990 and use the 1961-1990 baseline period.

In this study, the CGCM2 A2 scenario was selected as the primary emissions pathway
because it produces stronger climate change signals and has been widely used in Cana-
dian watershed-scale impact studies, facilitating methodological comparison [7,25]. The
selection of the CGCM2 A2 scenario follows established practice in Canadian watershed
climate impact studies [21,25]. The A2 scenario represents a heterogenous, regionally
oriented world with high population growth and relatively high greenhouse gas emis-
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sions, providing an upper-bound warming scenario suitable for stress-testing adaptation
strategies. Although newer CMIP5/CMIP6 models and Shared Socioeconomic Pathways
(SSPs) scenarios offer improved spatial resolution and updated forcing pathways, our
focus is on the methodological development and validation of the downscaling frame-
work. Moreover, the broad warming signals (e.g., winter warming, increased summer
precipitation variability) derived from CGCM2 A2 are consistent with those reported from
CMIP5/CMIP6 ensembles over southern Ontario [26,27], supporting the robustness of
the directional changes identified here. A limitation, which we acknowledge, is that a
single GCM and scenario cannot capture the full uncertainty envelope; future work should
employ multi-model ensembles.

Meanwhile, the B2 scenario is acknowledged as representing a more moderate alter-
native. The use of a single climate model and emissions pathway introduces uncertainty
and does not capture the full range of possible future conditions [36]. Therefore, projected
changes should be interpreted as indicative of plausible trends under a high-emissions fu-
ture rather than precise predictions. The SDSM framework developed here can be extended
in future work to multi-model ensembles from CMIP5 or CMIP6 and their associated
Shared Socioeconomic Pathways to better quantify uncertainty [37].

3. Methodology and Model Set Up
3.1. Statistical Downscaling Model (SDSM) Procedure and Setup

SDSM downscaling, as outlined by Wilby et al. [23], Gagnon et al. [20], and Harpham
and Wilby [38], involves: (a) obtaining historical NCEP predictor data for 1961-2001
(https:/ /www.cpc.ncep.noaa.gov/, accessed on 21 March 2025); (b) selecting key predic-
tors to calibrate regression models (e.g., for Pmean, Tmax, Tmin) using 1961-1990 baseline
data; (c) validating these models against 1991-2001 data; (d) iteratively refining predictors
until validation statistics are satisfactory; (e) applying the validated models to down-
scale future climate variables using CGCM2 predictor data until 2100. SDSM version 4.2
(https://sdsm.org.uk/software.html, accessed on 5 December 2024) facilitates this process
through built-in modules for variable screening, model calibration, weather generation,
and scenario analysis [16].

Because SDSM downscales to a single point (the Fergus station), we implicitly assume
that the station’s climate is representative of the entire Canagagigue Creek Watershed. This
introduces spatial representativeness uncertainty, especially for precipitation, which can
vary locally. However, given the watershed’s small area (53 km?) and low topographic
relief, the use of a single station is acceptable for a first-order assessment. Future work could
employ multi-site downscaling to better capture spatial heterogeneity. The primary value of
statistical downscaling in this study is not to resolve sub-basin spatial heterogeneity (which
is limited) but to generate daily time-series data from coarse GCM outputs, preserving
temporal variability and extremes at the watershed scale [12,15].

3.1.1. Predictands and Predictors

Daily observed weather variables for Fergus, Ontario (1961-2001), including maximum
temperature (Tmax), minimum temperature (Tpin), and mean precipitation (Pmean), were
extracted using Environment Canada’s Climate Data Extracting (CDEX) tool [39,40]. These
variables served as the local predictands for SDSM calibration and validation. Missing val-
ues, flagged as —99 in the Canadian Daily Climate Data (CDCD), were handled directly by
SDSM. For trend analysis, missing entries were interpolated using adjacent daily averages.
Predictor variables were sourced from the National Centers for Environmental Prediction
(NCEP) reanalysis dataset (1961-2001), available via the Canadian Climate Change Scenar-
ios Network (CCCSN). Predictors from 1961-1990 were used to calibrate multiple linear
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regression models for each predictand. The same predictor types were applied to validate
the model over 1991-2001. The 25 NCEP predictors considered for downscaling.

The large-scale atmospheric predictors used for SDSM downscaling, representing
surface and upper-air circulation, thermodynamic, and moisture conditions. These in-
clude mean sea level pressure (mslp), surface airflow strength (p_f), surface zonal (p_u)
and meridional (p_v) wind velocities, surface vorticity (p_z), wind direction (p_th), and
divergence (p_zh). Upper-air circulation is characterized at the 500 hPa level by airflow
strength (p5_f), zonal (p5_u) and meridional (p5_v) velocities, vorticity (p5_z), geopotential
height (p500), wind direction (p5th), and divergence (p5zh). Similarly, conditions at the
850 hPa level are represented by airflow strength (p8_f), zonal (p8_u) and meridional
(p8_v) velocities, vorticity (p8_z), geopotential height (p850), wind direction (p8th), and
divergence (p8zh). Moisture-related predictors include specific humidity at 500 hPa (s500),
at 850 hPa (s850), and at the surface (shum), along with mean air temperature at 2 m (temp).

Following successful validation, the calibrated regression parameters were applied to
CGCM2 A2 scenario predictors (2015-2044) to downscale daily weather series. Predictor
selection was based on statistical correlation strength and climatological relevance, with
transformations applied where necessary to improve model performance. Precipitation
downscaling was treated as a conditional process, while temperature was modeled uncondi-
tionally. The mathematical formulations used for both processes, including transformation,
bias correction, and variance inflation, are detailed in Supplementary Material S2.

3.1.2. Calibration and Validation

SDSM calibration was performed using the 1961-1990 period, while validation em-
ployed data from 1991-2001. The model generated monthly parameter files (PAR) contain-
ing regression coefficients for each selected predictor and associated statistical diagnos-
tics, including standard error and the linear regression correlation coefficient, r-squared.
Monthly calibration allowed for improved seasonal representation. For temperature vari-
ables, unconditional linear regressions were applied, while precipitation calibration used a
conditional process based on exceedance probability thresholds. The “Weather Generator”
module was used to simulate daily climate series during both calibration and valida-
tion periods using ensemble sizes of 100 realizations. Validation results were assessed
through visual (Quantile-Quantile (Q-Q) and probability density function (PDF) plots)
and statistical means. SDSM Summary Statistics show monthly observed /downscaled
predictand characteristics (mean, max, min, variance; plus dry/wet spells for precipitation)

from daily data.

3.1.3. Performance Evaluation

This Performance of the downscaled climate variables was evaluated using standard
model evaluation metrics (equations in Supplementary Material S3), including Nash-
Sutcliffe Efficiency (NSE), Root Mean Square Error (RMSE), and the Coefficient of De-
termination (R?). These metrics were computed for each variable at monthly time steps.
Following Moriasi et al. [41], NSE values greater than 0.5, RMSE values within 70% of the
standard deviation of observed data, and R? values above 0.5 were considered acceptable
(Table S1 in Supplementary S3). Q-Q and PDF plots were also examined to ensure graphical
agreement between observed and simulated values. Once calibration results satisfied
these thresholds, validation for 1991-2001 was performed using the same predictors, and
performance metrics were recalculated to confirm robustness. In addition to conventional
performance metrics (NSE, RMSE, and R?), model performance was evaluated. Across
the full distribution of observed and downscaled climate variables involved the use of
Q-Q plots, PDF comparisons, and variance diagnostics. These distribution-based analyses
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enabled assessment of lower, median, and upper quantiles, including the representation of
extreme events and tail behavior.

3.1.4. Uncertainty Analysis and Scenario Generation

To evaluate the statistical consistency between observed and downscaled datasets,
non-parametric tests including the Kolmogorov-Smirnov (K-S) two-sample test and the
Wilcoxon Signed Rank (W-5) test were conducted at a 95% confidence level. These tests
were applied to assess distributional similarity between observed and downscaled datasets
across the full range of climatic conditions. They also helped identify potential biases
beyond conventional mean-based performance metrics, including differences associated
with variability and extreme events. A p-value below 0.05 indicated statistically significant
differences. Full mathematical formulations are provided in Supplementary Material S4.
Once model performance was validated, the “Scenario Generator” function in SDSM was
used to downscale CGCM2 A2 predictors for the 2015-2044 period. An ensemble mean of
100 realizations was generated, and leap years were manually adjusted by interpolating
February 29th values from adjacent dates.

3.1.5. Weather Variable Distribution and Trend Analysis

The probability density function (PDF) plots of observed monthly averaged daily
weather variables (Pmean, Tmax, Tmin) at Fergus, Ontario, were compared by decade
(1940-2003) to assess distribution changes. After confirming that SDSM-downscaled pre-
dictands accurately represented historical local conditions, linear trend analysis was per-
formed for both historical and future periods using monthly averaged daily downscaling
results. Historical data (1940-2002) for monthly averages, variances, and precipitation
totals were analyzed with MYSTAT 12, applying least squares regression and testing slope
significance at the 95% confidence level. Monthly trends of observed and downscale pre-
dictands were compared for consistency, and historical downscaled trends were compared
to future projections. Positive slopes indicate increasing trends; negative slopes indicate
decreasing trends.

Predictand and predictor relationships were established within the Statistical Down-
scaling Model (SDSM) using correlation analysis and conditional screening to ensure
statistical significance (p < 0.05) and physical realism. Predictor selection followed an
iterative procedure guided by prior studies and sensitivity testing, resulting in physically
distinct predictor sets for precipitation and temperature.

Daily precipitation (Pmean) Was primarily governed by large-scale circulation and
moisture conditions. Selected predictors include mean sea-level pressure, which represents
synoptic-scale pressure systems, and surface divergence and meridional velocity, capturing
low-level convergence and vertical motion. Moisture transport and availability were
characterized using 850 hPa zonal and meridional winds and specific humidity at the
surface, 850 hPa, and 500 hPa. Geopotential height at 500 hPa was also included to
represent mid-tropospheric circulation patterns influencing precipitation development.

In contrast, daily maximum and minimum temperatures (Tmax and Tp,in) were dom-
inated by thermodynamic controls. Both variables were most strongly correlated with
near-surface air temperature at 2 m, surface specific humidity, mean sea-level pressure,
and 500 hPa geopotential height. These predictors collectively capture air-mass charac-
teristics, vertical atmospheric structure, and local energy balance processes controlling
temperature variability.

The clear physical separation between precipitation and temperature-related predic-
tors supports the robustness of the SDSM setup and enhances confidence in its application
for downscaling future climate scenarios.
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4. Results
4.1. Calibration and Validation Strategy

Model calibration was conducted for the baseline period from 1961 to 1990, while

validation was performed over two independent periods: 1991 to 2001 and 1981 to 2001.
The extended validation period (1981 to 2001) was additionally used to assess historical
monthly trends and to evaluate the robustness of the calibrated parameter files prior
to their application in future climate scenario generation. Calibration performance was
first evaluated using Q-Q plots for Tmax, Tmin, and Pmean (Figure S2 of Supplementary
Material S5). For both temperature variables, the Q-Q plots indicate that the majority of
downscaled ensemble means closely follow the 1:1 line, suggesting that simulated and
observed distributions are statistically consistent across most quantiles.

The Q-Q plots also provide an explicit quantile-based evaluation of model perfor-

mance across lower, median, and upper quantiles. For temperature variables, the close
agreement observed across most quantiles indicates that SDSM reliably reproduces not

only the central tendency but also the distributional behavior associated with low- and

high-end temperature extremes. In contrast, the increasing divergence observed in the up-
per precipitation quantiles indicates greater uncertainty in simulating heavy rainfall events,

reflecting the known challenges of statistically downscaling intermittent and convective

precipitation processes (Figure S2).

Further evidence of the accuracy of temperature downscaling is provided by the PDF

plots shown in Figure 2. These figures demonstrate strong agreement between observed

and downscaled distributions of daily Tmax and Trin during the calibration period, with
similar central tendencies and comparable variability. Minor deviations are confined to the
distribution tails; however, overall agreement confirms that SDSM effectively reproduces
both the mean state and variability of temperature. Together, the Q-Q and PDF analyses
indicate high fidelity in the statistical representation of temperature processes.

Probability density

emm=  (bserved daily Tmax

wmms  Downscaled daily Tmax

e (Observed daily Tmin

@=== Downscaled daily Tmin

Probability density

Daily maximum temperature (Tmax) °C

Daily minimum temperature (Tmin) °C
Figure 2. PDF plot of observed and downscaled daily Tmax and Ty, for 1961-1990.

In contrast, precipitation calibration results reveal substantially greater uncertainty.
The Q-Q plot for Pmean (Supplementary Figure S2) shows increasing divergence at higher
quantiles, with the model tending to underestimate light rainfall events (0-16 mm) and
overestimate heavier precipitation amounts (16-35 mm). This behavior reflects a well-
documented limitation of statistical downscaling approaches, which struggle to capture
the non-linear, localized, and convective nature of precipitation processes. The increas-
ing ensemble spread with rainfall magnitude further highlights elevated uncertainty in
simulating extreme precipitation events.

Validation over the period 1991-2001 confirms these contrasting performance char-
acteristics (Figure 3). Statistical evaluation metrics show excellent performance for tem-
perature variables, with Nash-Sutcliffe Efficiency (NSE) and Coefficient of Determination
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(R?) values exceeding 0.98 at both annual and monthly time scales (Figure 3). These results
indicate strong agreement between observed and simulated temperature series and demon-
strate the robustness of the calibrated parameter files. In contrast, precipitation validation
yields a yearly NSE of 0.71 but a substantially lower monthly NSE of 0.25, highlighting the
difficulty of reproducing monthly precipitation variability despite reasonable agreement at
the annual scale.

.

Monthly

R2

Yearly

Monthly

NSE

Yearly

T T T
0.0 0.2 0.4 0.6 0.8 1.0

[ IMeanPp, [meanT,, Il MeanT

Figure 3. Statistic evaluation of SDSM validation for predictands (1991-2001).

Graphical validation further illustrates these patterns. Figure 4 compares observed
and downscaled monthly statistics of Tmax averaged over 1991-2001. The model accurately
reproduces monthly mean Tmax in most months, with minor discrepancies observed in
February and March. Simulated maximum Tmax values are slightly higher than obser-
vations from April through September, while simulated minimum values are marginally
higher in March, April, October, and November. Variance is modestly overestimated
during warmer months and underestimated during winter, indicating some seasonal bias
in temperature variability. Despite these differences, overall agreement remains strong,
consistent with the high NSE and R? values.
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Figure 4. Validation of observed and downscaled Tmax (°C).
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Tmin_Mean (°C)

T min_Min (°C)

T min Mean Comparison for 1991 to 2001

Similarly, Figure 5 presents the validation results for Tpi,. Simulated monthly means
are slightly higher than observed values during winter months but lower during late spring
and early summer. Maximum T, is overestimated in January, July, and September and
underestimated in March, while variance is notably overestimated in March and April.
These discrepancies likely reflect transitional seasonal dynamics; nevertheless, the overall
performance remains strong, indicating that SDSM reliably captures Tp,, variability at
monthly and seasonal scales.

T min Maximum Comparison for 1991 to 2001
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Figure 5. Validation of observed and downscaled Ty, (°C).

Precipitation validation results, shown in Figure 6, reveal substantially weaker agree-
ment. The simulated mean Ppean exceeds observations only in May and September. Vari-
ance is considerably overestimated in May, July, and September and underestimated in June
and August. In addition, the model consistently underestimates both dry and wet spell
lengths, indicating difficulty in reproducing precipitation persistence and event sequenc-
ing. These deficiencies underscore the inherent challenges in statistically downscaling
precipitation, particularly during warm months dominated by convective processes.

The extended validation period (1981-2001) provides further insight into calibration
versus validation performance (Table 2). Monthly evaluation metrics for Tmax indicate
generally strong performance, with most months exhibiting NSE values above 0.6 and R?
values exceeding 0.7. March stands out as a notable exception, with an NSE close to zero
and reduced R?, indicating poor predictive skill during this transitional month. September
also shows elevated errors, reflected by higher RMSE values. Ty, results follow a similar
pattern, with acceptable performance across most months but increased errors in March
and September, suggesting heightened uncertainty during seasonal transitions.

Precipitation performance during the extended validation period is markedly weaker.
NSE values are below 0.2 for most warm-season months, with August exhibiting a negative
NSE and an R? of zero, indicating statistically unacceptable performance. More satisfactory
results are confined to colder months such as March, October, and December. This pro-
nounced seasonal dependence suggests that SDSM performs better for precipitation driven
by large-scale synoptic systems than for high-intensity warm-season rainfall events. These
findings are consistent with the calibration Q-Q analysis and confirm that precipitation
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12

P mean Mean Comparison for 1991 to 2001

downscaling uncertainty is both magnitude- and season-dependent. The relatively poor
performance for precipitation, particularly in warm months, is not caused by the CGCM2
scenarios but is a well-recognized limitation of statistical downscaling methods like SDSM.
Precipitation processes are non-linear, intermittent, and strongly influenced by local convec-
tion, which linear regression models cannot fully capture. This is consistent with numerous
SDSM applications worldwide (e.g., Wilby et al. [12]).

P 1ean Variance Comparison for 1991 to 2001
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Figure 6. Validation of observed and downscaled Pmean (mm).
Table 2. Statistical evaluation summary for Tmax, Tmin and Pmean downscaling (1981 to 2001).
arameters tatistics an e ar r a un u u e ct ov ec
P Statisti Feb M Ap May 1 Aug Sep (@) N D
NSE 0.78 0.61 0.03 0.70 0.87 0.65 0.79 0.75 0.36 0.84 0.58 0.85
Tmax RMSE 1.10 141 1.89 1.04 0.86 0.87 0.69 0.71 1.10 0.65 1.16 1.06
R? 0.80 0.67 0.43 0.76 0.92 0.70 0.82 0.82 0.57 0.84 0.63 0.93
NSE 0.66 0.54 0.22 0.49 0.77 0.60 0.53 0.65 0.39 0.55 0.75 0.83
Tmin RMSE 1.92 1.94 1.91 1.07 0.96 0.80 0.71 0.70 0.89 0.84 0.76 1.25
R? 0.73 0.78 0.51 0.70 0.95 0.90 0.64 0.80 0.67 0.71 0.76 0.94
NSE 0.20 0.24 0.46 0.33 0.11 0.16 0.08 —0.08 0.15 0.52 0.32 0.46
Pmean RMSE 0.71 0.93 0.56 0.84 0.97 1.27 1.26 1.66 1.71 0.71 1.00 0.69
R? 0.45 0.37 0.53 0.49 0.22 0.19 0.17 0.00 0.15 0.56 0.38 0.55

Overall, the comparison between calibration and validation periods demonstrates that
SDSM provides highly reliable downscaling of Tmax and Tpin, with consistent performance
across multiple time scales and validation windows. In contrast, precipitation downscaling
remains challenging, particularly for warm months and extreme events. While annual
precipitation totals are reasonably captured, monthly variability, variance, and spell char-
acteristics are less well-reproduced. These limitations necessitate cautious interpretation
of future precipitation projections and justify the inclusion of uncertainty analyses when
applying the calibrated parameter files to CGCM2 climate scenario simulations. A limi-
tation of this validation is the absence of the most recent two decades (2005-2025) due to
data availability at the time of the study. However, the validation period 1991-2001 already
includes warmer conditions compared to the calibration baseline, and the model’s good
performance during that period provides reasonable confidence.
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4.2. Uncertainty Analysis

To supplement the statistical evaluation, non-parametric tests were used to analyze
uncertainty in the downscaled data for the period 1981-2001. The Kolmogorov—Smirnov
(K-S) test assessed whether observed and downscaled data came from the same dis-
tribution, while the Wilcoxon Signed Ranks (W-S) test evaluated if their means were
significantly different.

The K-S test (Table 3) showed that for Tmax, no monthly p-values were below 0.05,
indicating no significant difference in distributions. For Ty, significant differences were
found in June and September. Ppean showed significant differences in February, April, and
July, reinforcing its higher uncertainty.

Table 3. p-values of K-S test for observations and downscaled predictands (1981-2001).

Predictands Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Tmax 0.546 0.546 0.546 0.172 0.797 0.546 0.797 0.323 0.172 0.969 0.969 0.546
Tmin 0.546 0.172 0.172 0.323 0.172 0.013 0.546 0.323 0.035 0.082 0.797 0.172
Pmean 0.082 0.035 0.172 0.013 0.172 0.172 0.035 0.082 0.172 0.797 0.323 0.082

The W-S test (Table 4) indicated significant shifts in the means of Trax (Feb, Dec) and
Tmin (Jan, Feb, Apr-Aug, Dec) between the downscaled and observed data. These shifts
were consistent with an actual observed warming trend between the calibration baseline
(1961-1990) and the validation period (1981-2001), as confirmed by box plot analysis
(see Supplementary Material S6). No significant mean shifts were detected for Pmean.
Table 4. p-values of W-S test for observed and downscaled predictands (1981 to 2001).

Predictands Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Tmax 0.546 0.546 0.546 0.172 0.797 0.546 0.797 0.323 0.172 0.969 0.969 0.546
Tmin 0.546 0.172 0.172 0.323 0.172 0.013 0.546 0.323 0.035 0.082 0.797 0.172
Pmean 0.082 0.035 0.172 0.013 0.172 0.172 0.035 0.082 0.172 0.797 0.323 0.082

Overall, the uncertainty analysis confirmed that the SDSM parameters for Tmax and
Tmin Were robust and suitable for generating future scenarios. The parameters for Pmean,
while less accurate, were deemed acceptable for use in scenario generation given the
inherent challenges of precipitation downscaling.

4.3. GCM Scenario Generation

The calibrated SDSM was applied to generate daily future climate scenarios for a
30-year period (2015-2044) using the established regression relationships with CGCM2 A2
scenario predictors. The downscaled projections were then systematically compared with a
historical 30-year baseline period (1961-1990), derived from observed NCEP predictors, to
quantify projected changes in temperature and precipitation patterns.

The use of consistent 30-year periods for both the baseline and projection horizons
is essential to ensure statistical reliability in model calibration and validation. A 30-year
timeframe reduces the influence of short-term variability and interannual fluctuations,
allowing for a stable comparison between observed and projected datasets. This approach
strengthens the robustness of the calibration process and improves the consistency and
credibility of the downscaled climate projections.

Figure 7 summarizes projected changes in monthly Tyax by integrating mean, max-
imum, minimum, and variance statistics. The results indicate clear seasonal contrasts.
Winter months (December to March) exhibit higher mean and minimum Tmax, accom-
panied by reduced variance, indicating warmer and more thermally stable winters. Fall
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months show a similar pattern of increased mean and minimum Tpax with decreased

variability. In contrast, summer warming is characterized by increases in mean, maximum,

and minimum Ty, particularly in July and August, while variance remains relatively

unchanged. Spring months display only minor changes, suggesting limited sensitivity

during the seasonal transition. Overall, Trmax downscaled projections point to warmer

winters and hotter summers, with reduced cold-season variability.
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Figure 7. Comparison of historical (1961-1990) and downscaled (2015-2044) monthly Tmax (mean,

max, min, variance).

Changes in T,y are more pronounced and consistent, as shown in Figure 8, which

combines mean, maximum, minimum, and variance statistics. Mean Ty, increases sub-

stantially during winter and from mid-summer through late fall, while minimum Ty,

shows especially large increases in December and late summer—fall months. Variance in

Tmin decreases across most months, particularly during cold seasons, indicating a strong

reduction in cold extremes and enhanced nighttime warming. Summer months also experi-

ence notable increases in mean and maximum Ty, implying warmer nights and elevated

heat stress. Compared to Tmax, Tmin €xhibits stronger warming signals and greater seasonal
coherence, reinforcing its sensitivity to greenhouse forcing.

Downscaled projected precipitation changes, summarized in Figure 9, reveal modest

shifts in monthly means but substantial changes in extremes and variability. Mean Prean

increases slightly during summer and early fall, while maximum precipitation shows large

increases in warm months, particularly June and August. Variance increases sharply during

summer and early fall, indicating heightened precipitation variability. Dry spell lengths

are projected to increase in late summer and fall, suggesting longer intervals without

rainfall, while wet spell lengths shorten across most months, indicating more intermittent

precipitation. Projected increases in precipitation variance, together with shortened wet-

spell duration and increased upper-tail spread, suggest an increasing likelihood of short-

duration, high-intensity rainfall events despite relatively stable monthly mean precipitation.

This combination suggests that future precipitation may occur in more intense, short-

duration events interspersed with longer dry periods.
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Figure 8. Comparison of historical (1961-1990) and downscaled (2015-2044) monthly Ty, (mean,
max, min, variance).
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Figure 9. Comparison of historical (1961-1990) and downscaled (2015-2044) monthly Pmean (max,

variance, dry- and wet-spell lengths).
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In summary, the combined analysis indicates a future climate characterized by strong
warming, especially in Tpin, reduced cold-season temperature variability, and increasingly
variable and episodic precipitation. While mean precipitation changes remain modest, the
projected increase in rainfall intensity and summer variability highlights heightened risks
of flooding, erosion, and late-season drought. These results emphasize the importance
of considering variability and extremes, rather than means alone, when assessing future
climate impacts at the watershed scale.

4.4. Historical Climate Trends (1940-2003)

To assess existing climatic trends and evaluate the consistency of future climate projec-
tions, a historical trend analysis was conducted comprising two components: probability
distribution analysis and linear trend analysis of key weather variables.

The probability density function (PDF) plots of monthly mean maximum temperature
(Tmax), minimum temperature (Tp,in), and precipitation (Pmean) were developed for six
decadal intervals spanning 1940-2003. Figure 10 illustrates the decadal PDFs of Tmax,
categorized at 5 °C intervals between —25 °C and 30 °C. The general shapes of the PDFs
are consistent across decades; however, a clear rightward shift is observed in later decades,
particularly during 1990-2003, with increased probabilities associated with Trax values
above 0 °C. This shift provides evidence of a gradual warming trend, especially during
winter months, with fewer extreme cold events.

Percentage (%)

—4—1940-1949
—®—1950-1959

30 —&— 1960-1969
1970-1979
—%— 1980-1989
—e— 1990-2003
o
.30 20 -10 5 10 20 30 40

Monthly Mean Tmax (°C)

Figure 10. PDF plots of monthly mean Tmax per decade from 1940 to 2003.

The Tmin distributions, presented in Figure 11, exhibit a similar pattern. While the
overall shapes remain stable, the left tail of the distribution (temperatures below 0 °C) shifts
upward across decades, indicating a reduction in extremely low Ty, values, particularly
in the most recent decade. Unlike Tax, changes on the warmer side of the distribution are
less pronounced, suggesting that warming is most evident through milder winter minima
rather than through more frequent high values.

Precipitation PDFs, binned at 0.5 mm intervals from 0 to 9 mm (Figure 12), show
greater variability. While distributional shapes are broadly consistent across decades, the
period 1990-2003 is characterized by a peak occurrence probability at lower precipitation
levels compared to previous decades. Additionally, a secondary peak emerges around 3
mm, indicating a potential increase in the frequency of moderate events. This dual-peaked
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structure suggests greater heterogeneity in rainfall intensity, with more frequent light
precipitation punctuated by moderate rainfall events.
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Figure 11. PDF plots of monthly mean Ty, per decade from 1940 to 2003.
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Figure 12. PDF plots of monthly mean Pmean per decade from 1940 to 2003.

Opverall, these distributional assessments support the assumption that the fundamental
probability structures of Tmax, Tmin, and Pmean have remained stable, justifying the use of
linear regression for trend detection. Least squares regression was applied to monthly and
annual records of temperature and precipitation for the period 1940-2003.

Linear trend analysis of the observed records from 1940 to 2003 was performed using
least squares regression (Supplementary Material S7). The slopes and their associated
p-values for a test of a non-zero slope are summarized in Table 5. The results indicate
slight positive slopes for monthly total precipitation, yearly total precipitation, monthly
mean Prean, and monthly mean Trax, though none were statistically significant (p > 0.05).
Conversely, the variances of monthly mean precipitation, Tmax, and Tpin showed slight
decreasing trends, while also lacking statistical significance. The monthly mean Ty, was
the only variable exhibiting a potential significant increasing trend (p = 0.076).

To further explore monthly-scale patterns, trends for 1982-2000 were examined using
both observed and SDSM-downscaled predictands. A three-point moving average was
applied to reduce variability. Results are summarized in Table 6, with detailed plots
provided in Supplementary Material S8.

https://doi.org/10.3390/cli14070150


https://doi.org/10.3390/cli14070150

Climate 2026, 14, 150 19 of 27
Table 5. Results of trend line slope non-zero test.
" Monthly Yearly Total Monthly Mfmthly Monthly Mf)nthly Monthly Mfmthly
Statistic Variance of Variance of Variance of
Total Pean Prean Mean Pean Mean Tpax Mean Ty,
Pmean Tmax Tmin
Slope 0.035 0.420 0.002 —0.054 0.009 —0.015 0.033 —0.025
p-value 0.635 0.632 0.444 0.564 0.656 0.559 0.076 0.391
Conclusion N.S. N.S. N.S. N.S. N.S. N.S. P.S. N.S.
N.S. = No Significant evidence in changing trends; P.S. = Possible Significant evidence in change trend.
Table 6. Summary of monthly trend analysis (slope and p-value) for observed and SDSM-downscaled
Tmax, Tmin, and Pmean, 1982-2000. (Note: colored value indicates the level of significance).
Variable Data Set Items Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Observed slope 0.130 0.111 0.101 0.000 0.052 0.084 —0.047 0.041 0.086 0.066 0.036 0.088
T Downscaled slope 0.051 —0.029  —0.064 —0.023 0.023 0.069 —0.064 0.019 —0.036 0.026 —0.013 0.029
max Observed p-value 0.016 0.099 0.006 0.997 0.360 0.000 0.208 0.036 0.006 0.078 0.370 0.047
Downscaled  p-value 0.223 0.505 0.071 0.568 0.607 0.001 0.012 0.172 0.084 0.532 0.746 0.420
Observed slope 0.081 0.020 0.029 —0.063 0.006 0.107 —0.052 —0.021 —0.023 0.002 —0.010 0.053
T.. Downscaled slope —0.001 —0.042 —0.064 —0.056 0.000 0.075 —0.051 0.014 —0.021 0.007 —0.002 0.042
min Observed p-value 0.247 0.840 0.568 0.183 0.903 0.001 0.071 0.332 0.510 0.960 0.797 0.348
Downscaled  p-value 0.982 0.406 0.021 0.075 0.993 0.000 0.005 0.336 0.243 0.745 0.941 0.303
Observed slope 0.093 —0.015  —-0.033 0.004 —0.005  0.068 —0.001 —0.107 —0.087  —0.042 —0.049 —0.046
P Dowscaled slope 0.017 0.004 —0.028 0.014 —0.018  0.078 0.013 0.000 —0.005 —0.015 —0.045 —0.031
mean Observed p-value 0.000 0.528 0.058 0.893 0.783 0.006 0.975 0.002 0.056 0.090 0.039 0.082
Dowscaled p-value 0.014 0.663 0.004 0.365 0.199 0.003 0.528 0.987 0.650 0.305 0.002 0.002

The downscaled Trax data showed more months with decreasing trends than the
observed data (Table 6). For instance, downscaled Tryax indicated negative slopes in Febru-
ary, March, April, September, and November, whereas the observed Tmax showed positive
slopes in these months, significantly so in March and September. The significant increasing
trend in June was well-captured by the downscaling. The only observed decreasing trend
in July was also captured but with a higher level of significance in the downscaled data.

For Tinin (Table 6), the only observed significant positive trend was in June (p = 0.001),
which was accurately replicated by the downscaled data (p = 0.000). The downscaled data
also indicated a significant negative trend in July (p = 0.005), which was present but less
significant in the observations (p = 0.071). Observed decreasing trends in April, September,
and November were captured with higher significance in the downscaled results. Discrep-
ancies were noted in January, February, and March, where observed increases contrasted
with downscaled decreases, the latter being significant for March (p = 0.021).

Analysis of Pmean (Table 6) showed that observed decreasing trends in January,
March, April, May, and September through December were generally captured by the
downscaled data, often with higher significance. The trends in February were not
significant for either dataset. The reliability of the downscaled trend results for July and
August is questionable due to poor SDSM performance metrics (NSE = 0.08 and —0.08,
respectively; see Table 2).

In summary, the only climate variable showing a potentially significant historical
increasing trend was the monthly mean T,y No significant decreasing trends (p < 0.01)
were found for observed Tmax or Tiin, suggesting a low probability of future cooling.
The most consistent significant trend across both observed and downscaled data was an
increase in all three variables during June. While some discrepancies existed, all significant
trends (p < 0.01) in the downscaled predictands reflected trends present in the observed
data (e.g., increasing June Tmax and Tpin; decreasing March, November, and December
Prean). The presence of more numerous and sometimes more significant decreasing trends
in the downscaled data compared to the observations may reflect a compromise inherent in
the SDSM methodology when applied to the warming-enforced CGCM2 A2 scenario.
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4.5. Predicted Climate Projections (2025-2044)

Monthly linear trend analyses were conducted for the downscaled future weather
predictands: daily maximum temperature (Tmax), daily minimum temperature (Tp,n), and
daily mean precipitation (Pmean), for the period 2025-2044. The analysis primarily focuses
on projections derived from the CGCM2 A2 emissions scenario, which is used throughout
this study to represent future climate conditions. Monthly trend line plots are presented in
Figures 13-15, showing the corresponding trend slopes for the period 2025-2044. The statis-
tical significance levels are summarized in Tables 52.1-52.3 in Supplementary Material (59).
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Figure 13. Monthly trend plots of SDSM-downscaled Tmax for 2025 to 2044.
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Figure 14. Monthly trend plots of SDSM-downscaled Ty, for 2025 to 2044.

Projected changes in air temperature reveal a clear warming signal with pronounced
seasonal contrasts. For Tmax (Figure 13), positive trends dominate most months, with
statistically significant increases (p < 0.1) identified in January, February, and December
(Table S2.1). These results indicate robust winter warming, consistent with enhanced
cold-season sensitivity to greenhouse forcing. Although summer months such as July and
August also exhibit increasing Tmax, the associated trends are weaker and not statistically
significant, suggesting that summer warming manifests more through elevated extremes
rather than consistent long-term trends. August is the only month showing a negative slope;
however, the high p-value (0.730) confirms that this apparent decrease is not statistically
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meaningful. June exhibits an almost negligible trend, reflecting relative stability in early
summer Tmax.
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Figure 15. Monthly trend plots of SDSM-downscaled Pmean for 2025 to 2044.

Warming trends are more pronounced and statistically robust for T, (Figure 14).
Winter months again show the strongest signals, with January and December exhibiting
statistically significant positive trends (p < 0.05), and February displaying a marginally
significant increase (p < 0.1) (Table S2.2). No months show decreasing Tpin trends,
indicating a consistent shift toward warmer nighttime and winter conditions. Compared
with historical downscaled T, future projections indicate fewer cooling tendencies
and a persistent increase in cold-season minimum temperatures. These changes imply a
substantial reduction in extreme cold events and a narrowing of the diurnal and seasonal
temperature range, particularly under the higher-emission A2 scenario. Furthermore,
earlier analyses of temperature variability (Figures 7 and 8) indicate that both Tpmax
and Tpin variances decrease during winter and fall, reinforcing the projection of more
thermally stable cold seasons.

In contrast to temperature, future monthly averaged daily precipitation does not
exhibit statistically significant linear trends in any month (Figure 15), as all p-values exceed
0.1 and slope magnitudes remain small (Table S2.3). At face value, this suggests negligible
long-term change in mean monthly precipitation. However, examination of seasonal
patterns and variability reveals important hydrologic implications that are not captured
by mean trends alone. Earlier results (Figure 9) demonstrate modest increases in summer
and early fall precipitation means, particularly during June, while other seasons show little
change or slight decreases.

More importantly, precipitation variability is projected to increase substantially during
summer months, as evidenced by higher variances and altered distribution characteristics.
Combined with the observed shortening of wet spell lengths and lengthening of dry
spells in late summer and early fall (Figure 9), these results strongly suggest an increased
likelihood of heavy rainfall events occurring over shorter durations. Thus, despite stable
monthly mean precipitation, future rainfall is expected to be delivered in more intense and
episodic events, heightening the risk of flooding, erosion, and hydrologic extremes.

Overall, the downscaled future projected climate projections for 2025-2044 indicate a
transition toward enhanced winter and summer warming, particularly driven by statis-
tically significant increases in Tr, during cold months, reduced temperature variability
in winter, stable but seasonally redistributed precipitation, and increased indicators of
rainfall intensity.
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5. Discussion

The results of this study reveal a clear warming signal in the Canagagigue Creek
Watershed, driven primarily by statistically significant increases in minimum temperature
(Tmin), particularly during winter months. This asymmetric warming pattern, characterized
by stronger trends in Ty, than in maximum temperature (Tmax), is consistent with ob-
served climate change across Canada, where nighttime and cold-season warming dominate
long-term temperature trends [37,42]. Such warming is often attributed to increased green-
house gas concentrations, changes in cloud cover, and snow-albedo feedback mechanisms
that preferentially elevate minimum temperatures during winter [24,37]. The projected
reduction in cold season temperature variability suggests fewer extreme cold events and
more thermally stable winters, a pattern widely reported in regional and national climate
assessments for southern Ontario and other mid-latitude regions of Canada [42,43]. How-
ever, the observed historical Tmin trend of approximately 0.033 °C per decade is consistent
with warming trends reported across southern Ontario and Canada. However, the pro-
jected future winter Tmin increase of up to 0.13 °C per decade exceeds the historical rate,
suggesting an acceleration of warming under future climate scenarios. Similar increases in
winter temperatures have been reported in recent regional and national climate assessments.
These changes have important implications for snow accumulation, freeze-thaw cycles,
soil processes, and ecosystem functioning at the watershed scale.

In difference, long-term trends in mean precipitation remain weak or statistically
insignificant, consistent with previous Canadian studies showing that climate change
impacts on precipitation often manifest more strongly through changes in variability and
extremes than through shifts in long-term averages [43,44]. The increased summer and
early fall precipitation variability observed in this study, including higher variance and
altered wet and dry spell characteristics, suggests a growing likelihood of short-duration,
high-intensity rainfall events despite relatively stable monthly means [37]. These changes
are particularly relevant for watershed management, as they may intensify flood risk, soil
erosion, and nutrient transport. From a methodological perspective, the results confirm
that statistical downscaling using SDSM is well suited for reproducing daily temperature
characteristics and seasonal variability but exhibits greater uncertainty for precipitation,
especially during convective warm-season events [45]. Nevertheless, the validated SDSM
framework provides a practical and effective tool for generating locally relevant, daily time-
scale climate data, supporting climate impact assessments and adaptive water resource
planning in southern Ontario watersheds.

Limitations and Uncertainties

Several limitations should be considered when interpreting the results. First, the down-
scaling was performed using only one GCM (CGCM2) and one emissions scenario (SRES
A?2). Structural uncertainty (differences among climate models) and scenario uncertainty
(alternative emission pathways) are therefore not quantified. Internal climate variability is
partially represented through the 100-member SDSM ensemble, but this does not replace
multi-model ensembles. As noted by Knutti & Sedlacek [36], single-model assessments
may underestimate the range of possible future conditions. Second, the validation period
ends in 2001 due to data availability at the time of the study; the absence of the most recent
two decades (2005-2025), the warmest on record, means that model performance under
the most intense observed warming could not be tested. Third, precipitation downscaling
performance is modest, particularly for warm-season extremes; therefore, quantitative
projections of heavy rainfall should be treated as indicative rather than definitive. Given
the modest performance of precipitation downscaling (monthly NSE as low as 0.25 al-
though annually NSE = 0.71 as mentioned in Table S2.4 of Supplementary Material S10),
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projections of precipitation variability and extremes should be interpreted with caution.
The observed increase in variance may be exaggerated. However, the direction of change
is consistent with physical expectations under warm months in summer season. Fourth,
spatial-representativeness uncertainty from using a single station is not quantified; how-
ever, the small-sized watershed and low relief minimize this concern. Future direction
should consider multi-site downscaling. Despite these limitations, the directional warming
signals (especially in Tpn) and the increased summer precipitation variability are consis-
tent with findings from more recent model ensembles [26,27], lending confidence to the
overall trends.

6. Implications for Environmental and Resource Management

These projected climate changes derived from statistically downscaled CGCM?2 sce-
narios have important implications for watershed planning and environmental resource
management in southern Ontario. The identified warming signal, particularly the statis-
tically significant increases in winter minimum temperatures and reduced cold-season
variability, suggests fundamental shifts in hydrological processes that govern runoff gener-
ation, groundwater recharge, and snowpack dynamics. Warmer winters are likely to reduce
snow accumulation and advance snowmelt timing, increasing the risk of mid-winter runoff
events while decreasing spring freshet contributions. Such changes can alter seasonal flow
regimes and place additional pressure on existing stormwater and drainage infrastructure.

Although mean monthly precipitation does not exhibit statistically significant long-
term trends, the observed redistribution toward wetter summers, combined with increased
precipitation variability and shortened wet-spell durations, has critical implications for
water management. More episodic and intense rainfall events can increase surface runoff,
soil erosion, and nutrient transport, thereby degrading water quality in agricultural and
mixed-use watersheds. These conditions heighten the risk of flooding during summer
storms while simultaneously increasing the likelihood of dry spells that stress crops and
ecosystems during the growing season.

From an agricultural perspective, warmer growing seasons may extend crop pro-
ductivity potential but also increase evapotranspiration demands, potentially reducing
effective soil moisture despite stable or slightly increased summer precipitation. This dual
stress underscores the need for adaptive water management strategies, such as improved
soil moisture conservation, enhanced drainage control, and flexible irrigation planning.
Ecosystem services, including wetland function and aquatic habitat stability, may also be
affected by altered flow timing and increased hydrologic variability.

The use of statistically downscaled climate data provides a critical advantage for adap-
tation planning at the watershed scale. SDSM enables the translation of large-scale climate
signals into locally relevant daily weather sequences, supporting impact assessments that re-
quire fine temporal resolution. For southern Ontario watersheds, such downscaled datasets
offer valuable inputs for evaluating climate-resilient infrastructure design, land-use plan-
ning, and water resource management strategies under plausible future climate conditions.

7. Conclusions

This study applied SDSM to evaluate historical and future climate variability for a
southern Ontario watershed using observed daily climate data and large-scale predictors
from the CGCM2. The results indicate a consistent warming trend, with minimum temper-
ature (Tmin) exhibiting the strongest increases, particularly during the winter months of
December and January, reaching up to 0.13 °C per decade under future climate projections.
In contrast, annual precipitation totals are projected to remain relatively stable, although
increased seasonal variability and changes in precipitation distribution suggest a greater
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likelihood of short-duration heavy rainfall events and altered hydrological conditions.
These findings indicate that future climate change in the watershed is expected to be driven
primarily by increasing temperatures rather than substantial changes in total precipitation.

Historical analyses indicate limited long-term trends in mean precipitation but reveal
clear temperature-warming signals, particularly in minimum temperatures. These historical
patterns provide a credible baseline against which future projections were evaluated.
Future predicated projections for the future period 2025-2044 indicate continued warming
across all months, with statistically significant increases in winter Tax and Tpin and a
marked reduction in cold-season temperature variability. These changes point to fewer
extreme cold events and more thermally stable winters, consistent with broader regional
climate assessments.

In contrast, future mean monthly precipitation shows no statistically significant lin-
ear trends; however, important changes emerge in seasonal distribution and variability.
Summer and early fall precipitation exhibits modest increases in mean values alongside
higher variance and altered wet- and dry-spell characteristics. These patterns suggest an
increased likelihood of heavy rainfall events occurring over shorter durations, despite
stable monthly averages, though these projections should be treated as indicative rather
than definitive given the modest performance of precipitation downscaling. Such changes
have important implications for flood risk, soil erosion, and water quality management at
the watershed scale.

Overall, the findings highlight that climate change impacts may manifest more strongly
through changes in variability and extremes than through shifts in long-term means. The
validated SDSM framework provides a valuable tool for generating locally relevant climate
inputs for impact studies, particularly where daily-scale data are required.

Future research should extend this work by integrating downscaled climate projections
with physically based hydrological and water quality models to quantify impacts on
streamflow, sediment transport, and nutrient loading. Additional focus on extreme event
analysis, multi-model climate ensembles, and updated emissions pathways (e.g., CMIP6
SSPs) would further strengthen uncertainty characterization and support more resilient
water resource planning in southern Ontario watersheds. Future work should also apply
bias correction or alternative downscaling methods (e.g., Al mapping, machine learning) to
improve precipitation estimates.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/cli14070150/s1, Table S1 and S2.1-S2.4; Figures S1, S2, 53.1-53.3,
54.1-54.4 and S5.1-55.6 are supporting material for this research. However, the supplementary file
also includes more detailed descriptions of the methodology, specifically about the SDSM analysis
for downscaled prediction used in this study (S1 to S10). The supplementary methods and data refer
to references [46-51], which are included in the main manuscript’s reference list.
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