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Abstract

Modelling current permafrost distribution and response to a warmingchanging climate
depends on understanding which factors most strongly control ground temperatures. The
Temperature at the Top of Permafrost (TTOP) model provides a-simple,widely-usedan analytical
framework for estimating permafrost presence and thermal state, yet its sensitivity to key
parameters remains poorly quantified across diverse northern environments. This study evaluates
the relative influence of TTOP model parameters using ground and air temperature data from
330 sites across northern Canada. A leave - one - out cross-validation approach to determine

model sensitivity was combined with random forest analysis was-tsed-to-assess-both-model

sensitivity-andto rank variable importance. Results show that TTOP performance is dominated
by freezing-season conditions—particularly the freezing n-factor and freezing degree days—

while thaw-season parameters exert less control. Sensitivity patteras—varyvaries by region, with

thawing parameters becoming more influential where the duration of the freezing and thawing
seasons is similar. Machine- learning results highlightalso highlighted the-additional importance

of thermal offset and mean surface temperatures;-emphasizing-the-impertanee-of which are

strongly influenced by substrate properties. While the model generally reproduces observed

ground temperatures well; (RMSE of 0.2 °C), parameters derived from landcover classes were
not transferable between sites, underscoring the importance of locally calibrated inputs. Overall,

this study elarifiesis the first empirically-based Canada-wide assessment of how different

climatic and environmental factors shapeaffect the accuracy of permafrost temperature modelling
and provides practical guidance for improving parameterization in regional and global

permafrost models.

1 Introduction
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Permafrost is an important element of the cryosphere, impacting, for example, terrain
stability (Romanovsky et al., 2017; Smith et al., 2022; O’Neill et al., 2023), carbon storage
(Miner et al., 2022), and solute movement (Roberts et al., 2017; Lafreniére & Lamoureux, 2019).
Unlike other elements of the cryosphere (e.g., glaciers and sea ice), direct observation of

permafrost remains-challengingis rare (Kéib, 2008) and modelling is often the-best-wayused to

predict permafrost temperature and distribution.

The Temperature at Top of Permafrost (TTOP) model (Fable23(Riseborough & Smith,
1998) has been used to estimate permafrost temperature and presence at continental to local
scales (Henry & Smith, 2001; Gisnas et al., 2013; Way & Lewkowicz, 2016; Obu et al., 2019;
Vegter et al., 2024) and in a variety of permafrost environments including in the High Arctic and
in mountains (Bevington & Lewkowicz, 2015; Garibaldi et al., 2021; Garibaldi et al., 2024). Its
extensive use for spatial modelling is principally due-te-itssimplicity-compared-to-many
numerical-models;as-well-asusingbecause it requires fewer input data-thatare-generally

measured-by-site condition and meteorological statiens-variables than more complex one-

dimensional numerical or surface energy balance models. It ishas also direetlybeen shown to be

transferable to a variety of permafrost environments without the need for extensive recalibration

as-withunlike empirical-statistical models (Juliussen & Humlum, 2007; Riseborough et al.,

2008). A-eftheThe primary challenge of using the TTOP medel howeveris-determining the

valaes-modelling approach is parameterization of the scaling factors (n-factors) and soil thermal

conductivities-used-for model parameterization-(Juliussen & Humlum, 2007). In modelling

studies, these scaling factors arehave typically been assigned based on landcover class or

topographic class using field measurements or values presented in the literature (Riseborough et

al., 2008; Gisnas et al., 2013; Obu et al., 2019). Few studies;-however; have examined the
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uncertainties arising from mischaracterization of the value-of-the TTOP model parameters-on-the

FFOP-modeloutputparameter values or the relative importance of each parameter which may

vary substantially in different permafrost environments (Riseborough, 2004; Way & Lewkowicz,

2018).

Way and Lewkowicz (2016) demonstrated that utilizing freezing n-factors (nf) from
western Canada when running the TTOP model for Labrador-Ungava reduced the accuracy of

model outputs #-forested-envirenments-throughout the region’s Subarctic forests. Theoretical

and field data have both been used to assess TTOP model variable importance (Smith &
Riseborough, 2002; Bevington & Lewkowicz, 2015). These studies highlighted the importance
of ny, especially in High Arctic environments, but also noted the increasing influence of
differential thermal conductivity (rk — the ratio between thawed and frozen thermal conductivity)
near the southern limit of permafrost. However, these studies relied either on theoretical inputs or
measurements covering relatively small study areas, potentially limiting the applicability of the
conclusions to other locations or broader scales. As the parameterization of the scaling factors
and rk remain one of the main challenges in utilizingapplying the TTOP model, understanding
the relative importance and sensitivity of the model to these parameters using empirical data is
essential. Quantifying the impacts of input parameter selection will also aid model

parameterization for future permafrost modelling studies.

TTOP parameters are also evaluated using a machine learning approach (random forest).

Random forest is a supervised machine learning technique; which combines randomized decision

trees with bagging; and aggregates their predictions though averaging or majority vote (Breiman

2001; Biau & Scornet, 2016). Random forest has-been-used-in-studies-of airquality (Yu-etal;
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previdesalso allows determination of variable importance rankings which can be used to either

identify important variables for explanatory or interpolation purposes or to identify a small
number of variables that provide a good prediction (Diaz-Uriarte & Alvarez de Andrés, 2006;
Gromping, 2009; Genuer et al., 2010). In permafrost environments, these importance rankings

have been analyzed-for-applied in analysis of snow depth and landslide potential buthaveette

be-thoroughly-investigatedfor thermal parameters-(Behnia & Blais-Stevens, 2018; Meloche et
al., 2022)-As-the-expanded-use-) and have begun to be applied to analysis of ground surface

temperatures at a regional scale (Colyn et al., 2025). Continued adoption of machine learning

parameterizationin-conjunetion-with--based approaches to permafrost science and potential
expansion of its use in parameterizing process-based models may-be-an-impertantnext-step-for

for-permafrosttemperaturehighlights the need to improve our understanding of how these models

perform with real-world field data collected from across a variety of environments.

The objectives of this study are: (1) to anabyze-theuse both a sensitivity eftheanalysis and

machine learning (random forest) to evaluate TTOP model to-ineremental-changes-in-parameter

e-importance:

using field observations and (32) to assess the accuracy of the TTOP model using measured

parameters across permafrost regions of Canada. TheThese results should-guidewill support
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future efforts to improve TTOP model parameter calculations and to assess the performance of

the TTOP model across differing environments.
2 Methods

2.1 Study Area

In situ data used to assess the TTOP model parameters were collected from a variety of
Canadian permafrost environments ranging from subaretieSubarctic to polar desert, in lowlands

and mountains (Fig. 1).
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Figure 1. Study area map showing the general location of the study sites used in the TTOP
sensitivity analysis and random forest. The sites were grouped into seven regions for analysis
(indicated by colour): High Arctic (Queen Elizabeth Islands), Northern NWT & NU, Western
Yukon, Eastern Yukon, Southern NWT, Southern Yukon-Northern British Columbia, and
Labrador. Permafrost extent from Brown et al. (2002). Contains information licenced under the
Open Government Licence — Canada.

The sampling locations were initially grouped into 21 study areas based on the data
source and proximity (Table 1). The latter were then combined into seven main study regions

based on similarity in environmental and permafrost conditions and on statistically significant



138  differences in model parameters (Table S1): High Arctic, Northern NWT & NU, Southern NWT,

139  Western Yukon, Eastern Yukon, Southern Yukon-Northern BC, and Labrador.

140  Table 1. Environmental and sampling details for each study area including permafrost condition,
141  mean annual air temperature (MAAT) for the 1991-2020 climate normal from closest EC station
142 (if available), vegetation characteristics, number of sampling locations and length of monitoring
143  period. Total number of observations is the number of individual years of data for each site in the
|144 region-(-. (Stanek et al., 1980; Heginbottom et al., 1995; Aylsworth & Kettles, 2000; Smith et al.,
145  2009b; Gregory, 2011; Medeiros et al., 2012; Bevington & Lewkowicz, 2015; Duchesne et al.,
146  2015; Holloway, 2020; Daly et al., 2022; Environment and Climate Change Canada, 2021;

147  Lewkowicz, 2021; Ackerman, 2022; GaribaldiTutton et al., 2021; Garibaldi et al., 2024a;

148  Garibaldi et al., 2024b::; Forget et al., 2024: Vegter et al., 2024).
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2.2 Data Collection

150

Air, ground surface and ground temperature at depth measurements were recorded at 1-

‘151

hour to 8-hour intervals at 330 sites (Table 1). Record lengths ranged from 2-16 years. This

152

dataset, spanning over two decades, is the product of long-term federal, territorial, and academic

153

10
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monitoring networks, only possible through funding and support from the Geological Survey of

Canada and several Canadian universities.

Air temperature-wastemperatures were generally measured ~1.5 to ~2 meters above the

ground surface with aan Onset Hobo U23-002 (+ 0.25-0.4 °C accuracy, 0.04 °C resolution)

thermistors or Vemco loggers (accuracy and precision better-than-0.1 °C) (previously owned by

AMIRIX Systems Inc.) housed in a radiation shield (Onset RS1). At newer sites, a Hobo U23-

001 (£ 0.25 °C accuracy, 0.04 °C resolution) was housed in a radiation shield. At all sites except
the Southern NWT, ground surface temperature was measured 2-5 cm below the ground surface

with the Hobo U23-002 internal thermistor. The slight difference in surface sampling depth (~ 3

cm) did not have an impact on the results as the temperature difference is outside the logger

accuracy. The Southern NWT ground surface temperatures were measured with Maxim
IntegratedTMIntegrated TM Thermochron iButton temperature loggers (model no. DS1922L;

accuracy = 0.5°C).

For most sites, ground temperature at depth was measured using the Hobo U23-002 or
Hobo Pro U12-008 external thermistors, while for the remaining sites, ground temperatures at
depth were recorded using multi-sensor cables with RBR loggers. For a majority of sites, the
ground depth sensor was positioned close to or at the top of the frost table at the time of
installation. For sites with multiple ground temperature observations, the sensor closest to the

depth of the frost table was used. However, for seme-sites-{n—+60less than a quarter of

observations); (23%), annual mean ground temperature (AMGT) may not correspond to the
temperature at the top of the frost table due to installation depth limitations. These sites are
generally confined to coarse grained, dry, rocky sediment where the thermal gradient is typically

small (Lewkowicz et al., 2012). Based on estimations of active layer or frost depth and

11
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temperature extrapolation (S1), the temperature-difference between the true TTOP and the
temperature at the monitoring depth was generally less than 0.5 °C (==14490 % observations,
average = 0.2 °C). Therefore, at these sites, AMGT was still compared directly to the modelled

TTOP value.

The data swaswere assessed for sensor drift, erroneous measurements, and missing
intervals. Short data gaps (<3 consecutive days) were filled using linear interpolation, while
larger gaps were flagged. Average air, ground surface and ground temperatures were only
calculated for years > 85% daily data completeness once erroneous values were removed and

data gaps were considered.

2.3 TTOP Model Sensitivity

The TTOP model calculates equilibrium permafrost temperature using air freezing and

thawing degree days, n-factors and the thermal conductivity ratio (Table 2). The TTOP model is

often used spatially as the meteorological input parameters are based-en—widelyavailabledata

commonly measured-atable to be estimated from meteorological stations (Juliussen & Humlum,

2007). However, as an equilibrium model-i, TTOP is not ideal for modelling transient changes

in permafrost temperature and distribution. Additionally—the- TTOP model errors are often largest

near zere(°C due to latent heat effects, which the model does not consider (Riseborough, 2007).

To assess the TTOP model sensitivity to each-input parameterparameters we first
calculated baseline input parameters for the TTOP model and the reference TTOP value (TTOP
model output when using values for baseline parameters derived from the measured field data)

were calculated for each site.

12



198  Table 2. Variables and equations used in the TTOP sensitivity and random forest analysis.
199  Freezing (FDD) and thawing (TDD) degree-days were calculated for air (a), ground surface (s),
200 and ground at or close to top of permafrost (g). P is the period, usually 365 days.

Variable Abbreviation Equation
Temperature at Top of TTOP TTOP = (2 = W 7)) — (@ = 100
Permafrost (°C) p
Freezing Degree Days P
C days) FDD FDD = |2{T|,<0
Thawing Degree Days P
(°C days) TDD TDD = |2iT|, T >0
. FDDy
Freezing n factor nf ne =t D,
Thawing n fact D
awing n factor n n=on D,
Thermal Conductivity " k= FDDs + (TDDg — FDDg)
ratio (Thawed:Frozen) B TDD,
FDD, — FDD
Nival Surface Offset NVO= —2 5
o NVO P
(§(®)
i TDDs — TDD
Thawing ?llcrgace Offset TSO TSO = s a
Surface Offset (°C) SO SO = MAGST — MAAT
Thermal Offset (°C) TO TO = MAGT — MAGST

201

202  To allow for direct comparison of model sensitivity in all environments with measured data, the

203  TTOP model equation for permafrost was utilized-evenforalso applied to sites considered to be
204  seasonally frozen (Way & Lewkowicz, 2018; Obu et al., 2019; Garibaldi et al., 2021). For each
205  year and each site, FDD and TDD were calculated using daily average air (T.) and ground

206  surface temperatures (Ts) from September 1st to August 31st of the subsequent year. Freezing
207  and thawing n-factors were then calculated for each measurement location (Table 2). The ratio of
208 thawed to frozen thermal conductivity (rk) for sites with a deeper ground temperature

209 measurement was calculated using FDD and TDD for both the ground surface (s) and the ground
210  temperature observation at or near the frost table () (Table 2). For sites without a depth sensor,

211 rk, was assigned based on vegetation class for the High Arctic and substrate for the Mackenzie

13
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231
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234

Valley (n = 38) (Kersten, 1949; Gregory, 2011; Obu et al., 2019; Garibaldi et al., 2021). These
sites were included even though rk needed to be assigned as they filled a substantial latitudinal
gap in the dataset (Fig. S2). Using the observed thermal offset to determine rk may not
necessarily be possible given the materials that are present due to potential disequilibrium.
TFhereforeHowever, for the purpesepurposes of this study we assumeassumed equilibrium

conditions for each observation.

Once the parameters and reference TTOP values were determined, the sensitivity of the
model to changes in each parameter was assessed by iteratively substituting values for one
parameter while holding all other inputs constant and then calculating the TTOP
temperaturevalue for each substitution. The substituted values used percentiles (minimum, 10™,
25t 50t 75™ 90" and maximum) calculated using the parameters across the entire study

dataset. We selected percentile-based substitution to test TTOP Model sensitivity as it allowed us

to increase and decrease parameter values within observed ranges while avoiding introducing

negative values. Additionally, percentile substitution allows for a direct comparison of sensitivity

to each parameter across regions as the parameters at all sites were changed to the same value.

Each year of data for each site was treated as its own observation and run through the sensitivity
analysis resulting in 9100 different TTOP values for each parameter. Sensitivity analysis TTOPs
were then compared to the reference (i.e observed) TTOP values to assess the influence of the

TTOP model to changes in each parameter.

Since vegetation is often used when assigning n-factors and rk in regions without
observations, the TTOP sensitivity analysis was rersre-run using the median value for these
parameters based on vegetation class and region. These TTOP outputs were then compared to the

reference TTOP value for each site.

14
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2.4 Random Forest Variable Importance Ranking

Algorithm inputs included TTOP model and additional parameters (see Table 2). Samples
were randomly split into testing and training data (40% and 60% respectively both for the overall
dataset and individual regions) with individual years treated as independent observations. Two

random forest models were created, one using all the input variables and the other using only the

TTOP model parameters (Table 3). The target variable for each random forest model was mean

annual ground temperature at TTOP (MAGT). The random forests were generated in R Studio

and run using the default settings for the number of variables sampled for splitting at each node
(4 and 2 for iterations 1 and 2 respectively) and number of trees (500). For each iteration, the
same training and test dataset was used to ensure comparability. The Northern NWT & NU

region-wasregions were not included in this analysis as-it-had-enly-ene-site-with

meastredbecause they lacked sufficient deeper ground temperature at-depthmeasurements.

Table 3. Random forest trials including a description of variable selection, and variables used.

Random Forest

Tteration Description Variables used
FDD. TDD. nf ni rk MAAT
1 All Variables MAGST NVO TSO SO TO
FDDs TDDs
2 TTOP model FDD, nf TDD, n rk
variables

Random forest provides variable importance rankings through two methods: permutation
accuracy importance (mean square error (MSE) reduction) or Gini importance (Strobl et al.,
2008). The former, used here, has been more widely employed in variable importance studies

due to biases in Gini importance when predictor parameters vary in number and scale (Diaz-

15
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Uriarte & Alvarez de Andrés, 2006; Strobl et al., 2008; Gromping, 2009; Genuer et al., 2010).
Reduction in MSE involves the random permutation of each variable individually to simulate its
absence in the model prediction. Variable importance is then determined based on the difference
in prediction accuracy before and after the permutation. Variable importance plots were created

for each random forest model both for the entire dataset (averaged across all sites) and for each

region individually- (averaged for all sites within each region) (e.g. Colyn et al. 2025).

2.5 TTOP model performance

For sites with measured ground temperature, the performance of the TTOP model was
assessed by comparing the calculated TTOP and the measured AMGT at or near the top of
permafrost (observed TTOP). For the few sites where the observed AMGT was not near the top
of the frost table, the observed AMGT was still compared to TTOP as the thermal offset at these

sites was low (S1). TTOP model performance was based on model root mean square error

(RMSE). 1, and bias compared to measured temperatures for individual years and sites.

3 Results

3.1 TTOP Sensitivity

To test TTOP model sensitivity, percentile values for each parameter (calculated over the
entire dataset) were directly substituted for the measured parameter value (Table 4). As the range
of measured values differed for each parameter, the values and range of the substituted
percentiles were also different. The potential impact of this on the interpretation of the sensitivity

is discussed below.

Table 4. Substituted percentile values for each parameter replacing the measured parameter
value for each iteration of this trial method. These values were determined based on the
observation data.

16
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Mean +

th th th th th Inserted Cells
Standard Minimum 10 35 50 s 90

Percentile Percentile Percentile Percentile Percentile Maximum

Deviation
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FDD. 50511130 974 1851 2324 2857 3467 4588 7223
(°C days)
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For a majority (>53 %) of sample points, changes to FDD., n, TDDa, and rk resulted in <
1 °C difference between the reference and perturbed TTOP output (Fig. 2b,c,d,e). However, for
nr less than half (< 27 %) remained within 1 °C of the initial TTOP value (Fig. 2a). FDD, showed
more sensitivity than TDDs, n;, and rk with less than 70% of sample points remaining within 2

°C of the initial observation value (compared to > 75 %).
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Latitudinal trends in sensitivity were observed with the region with the coldest permafrost
(High Arctic) showing a much greater response to changes in winter parameters (FDD, and ny)
and muted response to changes in summer parameters (n;) and the thermal conductivity ratio (rk)
(Table 5, Fig. 3). However, the High Arctic region was also disproportionately sensitive to
changes in TDD. when compared to more southern regions. Moving from north to south the
difference between the reference and perturbed TTOP generally increased for the thawing
parameters and decreased for the freezing parameters. In the southernmost regions (Southern
Yukon-Northern BC and Labrador) all parameters had similar sensitivity. -All sites had the
greatest sensitivity to changes in nr or n; and the least sensitivity to changes in FDD, and rk. The

sensitivity to rk was most similar between regions compared to the other parameters.

Table 5. Average absolute difference between the reference TTOP and the perturbed TTOP for
each parameter within each region. Regions are High Arctic, Northern NWT & NU, Western
Yukon, Eastern Yukon, Southern NWT, Southern Yukon-Northern BC, and Labrador. Values
followed by the same superscript letter are not significantly different (P > 0.05) between regions
(along a row). Values followed by a subscript italicized letter are not significantly different (P >
0.05) within a region (down a column).

High NNWT w E Yukon SNWT S Yukon Labrador

Arctic & NU Yukon N BC

FDDa 6.4 2.0, 1.6 1.4p 0.9° 2.1 0.9°
°0)

TDD. 3.7 1.04 1.5 1.8%¢ 1.1 1.9¢ 1.65
°0)

ns (°C) 7.5 3.9 2.6, 2.4 2.8,° 2.244 2.4

nt (°C) 0.8, 1.9 2.7 2.3b8 2.7° 2.3/ 2.8°

rk (°C) 0.7 0.8 1.5 1.3F 1.6° 1.4° 1.6:°

«1n column 2 indicates that the difference in TTOP for n; and rk is not significantly different in
the High Arctic.

? in the second row indicates that the difference in TTOP for changes in FDD, is not significantly
different for the Northern NWT & NU and the Southern Yukon-Northern BC regions.
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Figure 3. Boxplots for the regional absolute difference between the reference TTOP and TTOP
calculated when parameters were directly substituted to a percentile value. Mean values are
represented by an X, outliers are shown as circles, and the ends of the whiskers show the value
for one and a half times the interquartile range. The ends of the box show the first (25 percent)
and third (75 percent) quartiles and the black line within the box shows the median.

Using the internal median parameter value (based on measured values for each landcover
class within each region) resulted in a lower error than using the external median parameter
value for every region and landcover class (Fig. 4). These differences were especially

pronounced for ny. For each region the shrub landcover class showed the least difference when

using the internal vs. external parameters.
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Figure 4. Boxplots for the difference between the measured ground temperature and the TTOP

E Yukon
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Labrador

model using the internal parameter value (median value for the landcover type within the region)

and the external parameter value (median value for the landcover type outside the region). Red
asterisk (*) indicates the difference resulting from using the internal and external parameter

value was not significant (P > 0.05). Mean values are represented by an X, outliers are shown as

circles, and the ends of the whiskers show the value for one and a half times the interquartile
range. The ends of the box show the first (25 percent) and third (75 percent) quartiles and the

black line within the box shows the median.
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3.2 Random Forest

For the random forest iterations 1 and 2 (Table 3), several parameters were consistently
ranked as the most and least important by virtue of the percent increase in MSE (Fig. 5). When
all variables were used within the entire dataset, TO, rk and FDDs were ranked as the most
important. The least important were NVO, n; and TDD,. Regionally, freezing season parameters
(FDDs and nf) and MAGST were consistently ranked as the most important parameters.

Surprisingly, TDDs was ranked as highly important only in the High Arctic and Labrador.
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When using only the TTOP model parameters, n¢ was ranked as the most important for
every region, while ng, rk, and TDD, most often ranked lower in importance. TDD, was the
second most important parameter for the High Arctic region but was not deemed to be of high
importance for any other region. Overall, the variable importance rankings once again highlight

the prominence of freezing season conditions compared to thawing.

3.3 Random Forest Variable Importance Rankings Compared to TTOP Sensitivity Results

The variable importance conclusions from the TTOP sensitivity and random forest using
only the TTOP parameters did not match perfectly, but there were commonalities for certain

parameters. When comparing parameter rankings between the TTOP sensitivity analysis and

random forest all but n, showed strong correlation (Table 6). Both analyses highlighted the

importance of the freezing parameters (especially ne—Fhreeregions{High-Aretie; Southern

NWF-and-Labrader)showed-simtarity) which had the highest (almost perfect) correlation.
There were greater discrepancies in parameter importance between-the-tweo-methods—The

remaining regions-showed-greater-diserepaneiesrankings, particularly in-therankings-effor n and

rk- which had the lowest correlations, especially ni which was the only parameter to have a weak

ranking correlation. Despite the methodological differences between the two analyses, beth

methodsgenerally-eapturedthe parameter ranking showed good agreement, capturing the trends

in the overall and regional differences in parameter importance.

Table 6. Spearman correlation between the parameter importance rankings for the TTOP
sensitivity analysis and the random forest.

FDD. TDD. nr nt rk

Spearman Correlation 0.84 0.88 0.92 0.34 0.73

3.4 TTOP Model Performance
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The TTOP model performed well compared to the observed AMGT overall with an

RMSE of 0.2 °C, but with regional differences in model performance (Fig. 2)-6). The model also

has a slight warm bias (0.02 °C) and a high r* (0.99). Model error was low in most regions,

except for the High Arctic. However, the Southern NWT and-SeuthernYukon-Nerthern BC

regionsregion included a-numberof-outhiersan outlier with a large errerserror.
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Figure 6. A) Comparison of TTOP model outputs to the measured annual mean ground
temperature (AMGT). The solid line in panel A is the 1:1 relation between modelled and
observed while the dashed lines indicate 1 and 2 °C differences. B) Boxplots for the absolute
difference between the modelled TTOP and the measured AMGT close to the frost table across
the entire study area and for individual regions. Mean values are represented by an X, outliers are
shown as circles, and the ends of the whiskers show the value for one and a half times the
interquartile range. The ends of the box show the first (25 percent) and third (75 percent)
quartiles and the black line within the box shows the median.
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Additionally, the model only misclassified permafrost presence (TTOP < 0°C) or absence (TTOP
>0 °C) at 3 of the 612 observations. Two of the three observations were in the Southern Yukon-
Northern BC region both of which were false positives for permafrost (no permafrost in
observation but negative modelled temperature). The third observation was in the SNWT region

where permafrost was observed but the model indicated its absence.

4 Discussion

4.1 TTOP Model Parameter Sensitivity

The sensitivity of the TTOP model to changes in specific parameters is affected by the
structure of the model and the values of the parameters. The model across all regions was most
sensitive to changes in ny, due to the higher number of FDD, (compared to TDD.), which
amplified the response to changes (Smith & Riseborough, 1996, 2002; Bevington & Lewkowicz,

2015). Additionally, nr represents the impact of freezing season air temperature and snow depth

which has an important influence on the ground thermal regime and therefore permafrost

occurrence in the discontinuous zone (Riseborough & Smith ,1998; Smith & Riseborough, 2002

Gisnas et al., 2014; Way & Lapalme, 2021, Tutton et al., 2021; von Oppen et al., 2022).

Therefore, it is unsurprising that it was consistently ranked as an important parameter.

Regionally, the sensitivity of the model to changes in the thawing parameters, especially TDD,
and n; increased southward as the difference between FDD, and TDD. decreased. The exception
to this was the High Arctic, where the model was disproportionately sensitive to changes in
TDD; despite the large contrast in the number of FDD, and TDD, in this region (up to five times
as many FDD, as TDD,). The increased sensitivity to changes in TDDj likely results from the
high values of n and rk, with values regularly approaching or exceeding 1.0. As a result, changes

in TDD, were amplified in this region. This also potentially highlights the
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valnerabilitysensitivity of this region to changes in summer climate due-toas the lack of tall

vegetation inereasingreduces the impertance-and-influeneepotential buffering effect of

MAAFwarmer temperatures on the ground thermal regime compared to other regions with more

well-developed surface cover (Shur & Jorgenson, 2007; Throop et al., 2012; Smith et al., 2022).
It is also important to note this study perturbed TTOP model parameters using the entire
measured dataset. Therefore, sensitivity to certain parameters may be higher than for studies with
altered parameters based on values measured within a region which may have limited variability
(Way & Lewkowicz, 2018). As a result, our results may highlight relatively higher sensitivity for

different parameters such as n compared to nrin Labrador (Way & Lewkowicz, 2018). However

the sensitivity and random forest analysis results also agreed with variable importance rankings

overall across northern Canada, especially regarding the importance of nr (Bevington &

Lewcowicz, 2015; Colyn et al., 2025).

The sensitivity analysis also showed that TTOP model parameters are not necessarily
transferable between regions with the same landcover class. This is especially true for nrand n; as
using the median values for the same landcover class;but-an-external from a different region
resulted in a significantly greater error than utilizedusing the median value corresponding to the
sitesite’s actual region. This could be a result of the large range of environments sampled in this
analysis as previous studies have shown transferability of n; between rock and forest landcovers
of Labrador and Southern Yukon (Way & Lewkowicz, 2018). However, utilizing nr from
Southern Yukon in Labrador increased TTOP model errors (Way & Lewkowicz, 2016), which

supports our findings. The lack of transferability of n¢ likely stems from differences in snow

depth and density across Canada (Bormann et al., 2013; Way & Lewkowicz, 2016, Simpson et

al., 2022). As a result, utilizing snow redistribution algorithms are likely a more viable way to
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accurately capture ).permafrost presence and temperature on national and circumpolar scales

(Gisnas et al., 2014; L’Hérault et al., 2017; Obu et al., 2019). However, using landcover as a

proxy even when parameter values were outside of the region still resulted in a smaller error

range than when values from the entire dataset (regardless of landcover type) were used.

Rk appears to be generally more transferable, especially for the limited number of tundra
sites which might be the result of restricted soil (and organic) development and moisture in this
landcover (Throop et al., 2012). Additionally, rk may have a smaller influence on ground
temperature in certain environments (Karjalainen et al., 2019) and therefore the importance (or
lack of transferability) may be masked by the large dataset. These results demonstrate the need
for caution in assuming the regional transferability of parameters, especially in environments

where values may differ substantially.

4.2 Random Forest Variable Importance Rankings

The variable importance rankings for the overall and regional datasets were a product of
differences in values of the measured field inputs. TO and rk were ranked as the most important
parameters when all variables were used. TO has previously been suggested as the most
important parameter for determining the southern extent of permafrost, under equilibrium
conditions, as a high TO can protect permafrost from higher air temperatures (Smith &
Riseborough, 2002). However, neither were ranked as the most important parameters in any of
the regional analyses. TO and rk had lower correlation with the other parameters; (0.06 — 0.49),
which may have artificially elevated their importance, but they are highly correlated with each
other (0.93) which may explain why both have elevated importance- (Fig. S4).

NVO has also been highlighted in the literature as an important parameter, determining

the northern and southern limit of discontinuous permafrost and influencing permafrost existence
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within the discontinuous zone (Nicholson & Granberg, 1973; Smith & Riseborough, 2002).
However, in this study NVO ranked as middle to low importance overall and for every region,
even those spanning the continuous to discontinuous permafrost transition. Finally, overall and
regionally, MAGST was deemed to be an important parameter for accurate predictions of
MAGT. While this may be true for sites with a negligible thermal offset (Lou et al., 2019;
Garibaldi et al., 2021), MAGST alone cannot accurately predict the thermal state of permafrost
without additional information on the thermal properties, especially at sites with larger thermal
offsets (James et al., 2013; Guo et al., 2024; Brown & Gruber, 2025)-). Therefore, the elevated
importance of this parameter may indicate that sites with small thermal offsets are over-

represented in the dataset (Fig. S3c).

4.3 TTOP model performance
The TTOP model generally performed well compared to observed AMGT, resulting in

minimal errors in predicted TTOP even at seasonally frozen sites. The RMSE for the TTOP
model for this study was similar to or smaller than those from previous TTOP modelling results
in the same region (Obu et al., 2019; Garibaldi et al., 2021). This is likely a product of the use of
directly measured and calculated input parameters rather than the characterization of parameters
from environmental variables such as vegetation or spatial interpolation. This highlights the
importance of in situ data for validation of parameters for accurate predictions of permafrost and

ground temperatures.

The TTOP model did not perform as well in the High Arctic for certain observations,
especially those from Cape Bounty during 2016-2017, when the predicted TTOP was higher than
the observed values. The AMGST for 2016-2017 was substantially higher than those from the

previous years. Although the AMAT showed only a slight deviation, nr at these sites decreased
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substantially, indicating greater snow depths. As a result, the TTOP model parameters were not
in equilibrium with ground temperature for this year, yielding a larger discrepancy. Additionally,

one year at one site in the Southern NWT region was also an outlier. At this site the relatively

warm ground conditions during the freezing season led to a low nf (0.1) during this year

compared to the other 12 years (0.46 on average). However, despite the warm winter conditions

the annual mean ground temperature remained comparable to the other years, only increasing

slightly. As a result, the TTOP model produced a larger error for this site during this year but

produced low error at this location for the remaining years.

The TTOP model using measured parameters performed surprisingly well in locations of
warmer, more marginal permafrost or locations with seasonal frost, despite these locations
potentially being in disequilibrium with the current climate. However, these regions, espeetaty

the-Seuthern NW-Talso showed slightly increased error and SeuthernYukon-Neorthern BC;-also

incladed-individual sites—with-the largest-errersmore outliers (Fig. 6a)-shewing & b) reflecting a
lack of consistency in model performance. These results may indicate sites with more ecosystem-
protected permafrost and high apparent TOs or disequilibrium conditions (Shur & Jorgenson,
2007; James et al., 2013; Vegter et al., 2024). It should be noted that even small temperature
errors can result in the misclassification of permafrost presence where ground temperatures are
close to 0 °C (Daly et al., 2022; Vegter et al., 2024) whereas the classification would be
unaffected even with a larger temperature error in the High Arctic. However, the model
accurately predicted permafrost presence or absence for the vast majority of observations (> 98

%) in this study even though 38% of observations were within -1 °C to +1 °C.

4.4 Sources of Uncertainty
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The methods used to rank the importance of variables have their own uncertainties that
could affect the reliability of the results. First, since the percentiles were derived from the
observed data the range of values for each parameter differed and would vary if a different
dataset was used. Second, although random forest is able to cope with highly correlated variables
for prediction (Boulesteix et al., 2012), there are conflicting conclusions on the reliability of
variable importance rankings (Strobl & Zeileis, 2008; Nicodemus et al., 2010; Tolosi &
Lengauer, 2011; Gregorutti et al., 2017). For this study, a majority of the input parameters are
highly correlated with at least one other parameter as some parameters are used to derive others-
(Figures S4-6). This may have led the variable importance rankings of the random forest to be
unreliable when all parameters where used. Additionally, although the random forest model
using all variables performed relatively well (MSE 0.2 °C; variance explained 98%), the regional
models had lower percentages of variance explained (43 - 93 %) even though MSE was similar
(0.2 - 0.8 °C). This may have impacted the reliability of the variable importance rankings for

these models, as they may have accurately predicted ground temperature. Finally, it is important

to note that due to the nature of random forest, the variable importance rankings are not perfectly

repeatable. However, in several random forest runs the most important and least important

parameters were consistent even if they were not in the exact same order each time. Despite the

possible errors and uncertainty in the results of this, the variable importance analyses were in

general agreement for the two methods and supported findings from previous studies.

Variation in variable importance rankings between the two methods may also have
resulted from the difference in approaches. As the TTOP model utilized multiplicative factors,
the importance of the parameters was elevated by nature of the model equation. For example,

changes to FDD, may be elevated through multiplication with n. The random forest variable
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importance ranking was not dependent on this equation and as a result, the importance was
potentially different based on the predictive method alone. Additionally, the TTOP model
sensitivity analysis was determined through perturbation of the model parameters, thereby
ranking the parameters’ importance based on the response. Contrastingly, the random forest
variable importance ranking was determined based on the current thermal conditions. This may
also have resulted in some discrepancy in the rankings. However, both methods showed similar

rankings and regional trends overall. Lastly, parameters sensitivity rankings do not inherently

relate to statistical importance. TTOP model sensitivity to changes in a parameter value may not

be statistically different from the sensitivity to changes in another (Table 5). This is especially

true for certain regions (N NWT & NU and the more southern regions), where there are few

statistically different sensitivities between parameters.

4.5 Parameter classification recommendations

Since the TTOP model was deemed more sensitive to certain model parameters in the
entire dataset and in certain regions, accurate parameterization of the most important variables
for the study location is vital. Overall, the freezing season parameters were generally deemed the
most important; therefore, adequate characterization is essential for accurate predictions of
TTOP at national or circumpolar scales. This is especially true for nr which is typically the most
difficult to parameterize since it is dependent on a wide range of conditions including timing,
depth, and morphology of snow and substrate conditions including soil moisture and is not
necessarily transferable between regions (Smith & Riseborough, 2002; Zhang, 2005;_Throop et

al., 2012; Way & Lewkowicz, 2016).

Regionally, in locations where FDD, >> TDD,, the impact of inadequate characterization

of ni_and rk, and-was shown to be minimal. Therefore, more general assumptions and
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classifications will not result in a substantial increase in uncertainty and greater focus should be
put on accurate characterization of FDD, and ny. In locations where FDD, and TDDj, are similar
(i.e., AMAT is close to 0°C), the sensitivity of the model to changes in thawing parameters is
elevated and accurate characterization of n; and rk becomes more important. For several
continental and circumpolar modelling studies, a uniform value of 1.0 was utilized as the input
for n across the study area (Henry & Smith, 2001; Obu et al., 2019). While this assumption is
unlikely to increase uncertainty in areas above treeline and tundra it is likely to result in errors in
boreal forested areas due to the elevated importance of n; in this landcover. Additionally, nfand
to some extent n; varied regionally even within the same landcover type due to microclimatic
differences, vegetation and wind exposure, which influence both summer and winter conditions
(Smith & Riseborough, 2002). As such regional transferability of these parameters between

regions may be limited especially over large geographic and climatological gradients.

Finally, many studies that determine TTOP characterize rk using vegetation, assigning
values between 0.0 and 1.0 (Smith & Riseborough, 1996; Riseborough & Smith, 1998; Way &
Lewkowicz, 2016; Obu et al., 2019; Garibaldi et al., 2021). However, recent studies (including
the data analyzed for this study) have shown rk values exceeding 1.0 (Bevington & Lewkowicz,
2015; Lin et al., 2015; Zou et al., 2017). This likely occurs as a product of extremely dry
conditions in winter and higher soil moisture during summer, resulting in greater thermal
conductivity in the warm season. This is typically observed at sites with rocky or bedrock
substrates and limited vegetation cover and soil moisture (Lin et al., 2015; Luo et al., 2018). In
southern permafrost environments, the assumption of rk < 1 at these sites (such as high elevation
rocky slopes, Fig. 2b) likely results in mischaracterization of the permafrost condition. The

varying sensitivity of the TTOP model to specific parameters in different environments
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demonstrates the need for accurate parameterization and validation of TTOP model parameters

to ensure valid outputs. This highlights the need for in situ data-parameter data to increase the

accuracy of future TTOP modelling studies to validate remotely-derived parameter values.

5 Conclusions

The results of this analysis highlight the overall sensitivity of the TTOP model to changes
in the freezing parameters (nr and FDD,) compared to the response to changes in the thawing
parameters (n;, TDD.) and rk. Across all sites, regions, and perturbation methods, the model was
most sensitive to changes in nf with 73 % of TTOP outputs changing by at least 1 °C from the
original TTOP value followed by FDD, at 30 % changing by at least 2 °C. The model was least
sensitive to changes in TDD. with only- 22 % of TTOP model outputs exceeding 2 °C difference
from the reference TTOP value, followed by n. and rk at 25 %. Differing sensitivity patterns
emerged regionally, mainly showing the diminishing response to changes in nr and the increasing
response to changes in TDD,, n, and rk at more southerly sites, although sensitivity to changes

in nrremained high.

The random forest variable importance rankings also highlighted the importance of the
freezing season parameters using both a wide variety of temperature parameters and only those
used in the standard form of the TTOP model. The increasing importance of the thawing and
annual parameters moving south was also shown. Although the random forest variable
importance rankings showed some differences from the TTOP sensitivity results, potentially due
to high correlation between variables, they indicated similar regional trends in variable

importance.
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The results of this study highlight the importance of correct parameterization,
specifically of the freezing parameters in small-scale national or circumpolar modelling studies,
and the increased importance of parameterization of the thawing parameters in locations where
the magnitude of FDD, and TDD, are similar. Although these conclusions had been theorized, a
robust network of in situ data provided essential empirical support. Ultimately, the findings of
this study will help future modelling studies determine parametrization allocation effort based on

location and scale and may help explain sources of error and uncertainty in modelled results.
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