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Abstract:  1 

Temperate lakes worldwide are losing ice cover but the implications for under-ice thermal 2 

dynamics are poorly constrained. Using a 92-year record of ice phenology from a temperate and 3 

historically dimictic lake, we examined trends, variability, and drivers of ice phenology and 4 

under-ice temperatures. The onset of ice formation decreased by 23 days century-1 which can be 5 

largely attributed to warming air temperatures. Ice-off date has become substantially more 6 

variable with spring air temperatures and cumulative February through April snowfall explaining 7 

over 80% of the variation in timing. As a result of changing ice phenology, total ice duration 8 

contracted by a month and more than doubled in inter-annual variability. Using weekly under-ice 9 

temperature profiles for the most recent 36 years, we found that shorter ice duration decreased 10 

winter inverse stratification and extended the spring mixing period. We illustrate the limitations 11 

of relying on discrete ice clearance dates in our assumptions around under-ice thermal dynamics 12 

by presenting high-frequency under-ice observations in two recent winters: one with intermittent 13 

ice cover and a year with slow spring ice clearance. 14 

 15 

Plain language summary: 16 

Lakes worldwide are losing ice cover in response to climate change. We used a rare and nearly 17 

century-long dataset of ice formation and ice clearance records to examine trends, variability, 18 

and drivers. We found that ice cover is getting substantially shorter and more variable with 19 

winter ice duration about a month shorter now than it was a century ago. Using under-ice 20 

temperature measurements from the most recent three decades, we found differences in under-ice 21 

temperatures affected by lake ice duration.  22 

 23 

Keywords: phenology; lake ice; variability; climate change; long-term trends; trend analysis  24 
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Introduction 25 

Ice cover is one of the longest-measured indicators of climate change in lake ecosystems 26 

(Magnuson et al., 2000; Robertson et al., 1992). Widespread changes in lake ice phenology are 27 

occurring around the world (Sharma et al., 2019). Seasonally ice-covered lakes, particularly 28 

those in the zone in North America and Eurasia with maximum winter temperatures around 0°C, 29 

are projected to transition toward either intermittent or complete loss of ice cover due to global 30 

anthropogenic climate change (Woolway et al., 2022). Lake ice and the timing of its formation 31 

and clearance affect many lake ecosystem properties such as oxygen dynamics, the timing of 32 

thermal stratification, and lake productivity (Adrian et al., 1999; Jansen et al., 2021; Prowse et 33 

al., 2011). Understanding under-ice thermal dynamics is crucial to further comprehending the 34 

impacts of changing ice phenology on lake ecosystems. 35 

Two distinct phases of lake thermal dynamics under ice have been currently identified 36 

and are dependent on lake morphometry and local climatic conditions (Kirillin et al., 2012). The 37 

first phase is characterized by the release of heat from the sediments that have accumulated in the 38 

ice-free season. The second phase is typically characterized by inverse stratification, although it 39 

is important to note that some exceptions exist, such as in shallow lakes that are cold and fully 40 

mixed at ice-onset (cryomictic; Yang et al., 2021). Modeling exercises predict that under several 41 

Representative Concentration Pathways (RCPs), we can expect a substantial shortening of 42 

inverse stratification duration in ice-covered lakes (Woolway, Denfeld, et al., 2022). 43 

Predicting how ongoing changes in lake ice phenology will alter annual, whole-lake 44 

ecosystem function first requires an understanding of the drivers of trends and variability around 45 

those trends (Wilkinson et al., 2020). While lake ice phenology records are common, 46 

observations of multi-decadal under-ice thermal properties are extremely rare (e.g., Sharma et 47 



 
 

4 

al., 2022). Under-ice temperatures are critical in contextualizing the physical, chemical, and 48 

biological implications of increasingly shorter and potentially variable ice phenology. To that 49 

end, we analyzed a 90-year record of both ice-on and ice-off observations from a small lake in 50 

Shawangunk Mountains, New York, USA. We combined the long-term ice phenology record 51 

with weekly under-ice thermal profiles from the most recent 36 years to ask the following 52 

questions. First, are ice phenology and variability changing? Second, what local meteorological 53 

and global scale climatic variables explain variability in lake ice phenology? Third, how does ice 54 

phenology affect underwater winter stratification, temperature, and mixing dynamics? Lastly, we 55 

used high-frequency temperature profiles from two winters (2016-2017 and 2017-2018) to look 56 

at several metrics of inverse stratification around the timing of ice formation and compared these 57 

observations with visual observations of ice formation (“ice on”). 58 

We expected to find long-term trends in all aspects of ice phenology (ice-on, ice-off, and 59 

ice duration). We hypothesized that the timing of ice formation would be primarily controlled by 60 

minimum air temperatures in the late fall and early winter, while ice-off would be controlled by a 61 

combination of spring air temperatures and cumulative precipitation as snow. We tested the 62 

hypothesis that a combination of long-term global climate anomalies and large-scale atmospheric 63 

circulation patterns (teleconnections) would explain this interannual variability in ice duration 64 

(Beyene & Jain, 2015). Finally, we expected that the timing of ice-on and ice-off (and thus ice 65 

duration) would affect the under-ice heat content and that the length of ice duration would be 66 

related to the strength of inverse stratification.  67 
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Methods 68 

Site description and data collection 69 

Mohonk Lake (41.766°N, -74.158°W, 379 m elevation above sea level) is a small (6.9 ha), deep 70 

(18.5 m maximum depth), dimictic, oligo-mesotrophic lake located on the Shawangunk Ridge, 71 

New York State, USA (Oleksy & Richardson, 2021; Richardson et al., 2018). The lake occupies 72 

a small glacier-formed depression in a watershed of 17.3 ha and a drainage ratio of 2.5 73 

(Richardson et al., 2018). Ice-on day was recorded as the first day with 100% ice coverage; ice-74 

off day was recorded as the first day with 0% ice cover from 1932-2023. In the 2018-2019 75 

winter, there was a gap with ice melt between 23Dec2018 and 11Jan2019. Similarly, in the 2022-76 

2023 winter, there were three periods of ice cover with complete ice melt between; 22Dec2022 77 

to 05Jan2023, 02Feb2023 to 18Feb2023; and 25Feb2023 to 23Mar2023 were the three periods of 78 

ice cover.  To be consistent with past records, we used the first observation of ice-on and the last 79 

observation of ice-off for these analyses, but, in our calculations of total ice cover (“ice 80 

duration”), we subtracted out the gaps in winters with intermittent ice cover. Ice phenology was 81 

recorded in a consistent manner over the entire 92-year data record with only seven years 82 

missing ice-on data (all before water year 1954) and one year of missing ice-off record in 1966. 83 

Over the entire ice record, maximum, minimum, and average daily air temperature (°C) and 84 

snow and precipitation (mm) were measured at a local National Weather Service station 85 

(Network ID: GHCND:USC00305426). From 1985-2023, profiles of lake temperature were 86 

taken weekly at 1 m increments through a dock with a water depth of 13m (Oleksy and 87 

Richardson 2021). Temperatures were linearly interpolated to daily timescales except if there 88 

were more than 14-day gaps in records. From November 2016 to May 2018, high-frequency (15-89 

min) temperature data were collected using NexSens T-Node temperature loggers at 1-m 90 
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intervals from the surface to 9 m deep encompassing two winters (2016-2017 and 2017-2018). 91 

Because of power issues and sensor failures, we are missing data at the end of the 2017 winter 92 

and from 19 Jan 2018 to 07 Feb 2018 and from 02 Apr 2018 to 12 Apr 2018. We matched that 93 

data with a high-frequency (1-hr) meteorology station < 5 km from Mohonk Lake (Brotzge et al. 94 

2020) that were linearly interpolated to 15-min intervals to match the lake thermal data.    95 

Ice phenology trends analysis 96 

All statistical analyses and data visualizations were conducted in R version 4.2.1 (R Core Team, 97 

2022). For the three ice phenology metrics, we calculated Theil-Sen's slopes using formulas from 98 

both zyp and trend packages (Bronaugh & Consortium, 2019; Pohlert, 2020). To test if a trend 99 

was significant, we used the Mann-Kendall rank-based z-score and compared the p-value from 100 

that z-score to α = 0.05. 101 

To test whether variability of ice is increasing, we used two techniques. First, we 102 

calculated the standard deviation (sd) of all possible sequential windows from 4 up to 30 years if 103 

>95% of the years had ice phenology data (Figures S1-S4). For each series across all sequential 104 

windows, we calculated Theil-Sen's slopes and intercepts to determine if sds were changing 105 

(Figures S1-S4). We averaged all slopes for each sequential window and then compared the 106 

averaged slopes to zero using one-sample t-tests. Second, for visualization, we calculated 107 

Bollinger Bands which are one standard deviation above and below a simple moving average and 108 

can indicate volatility of a time series (Bollinger, 1992). 109 

Predictors of ice phenology 110 

For predictors of ice phenology, we calculated the cumulative sum of rain or snow and air 111 

temperature data at one-, two-, and three-month intervals for October-December (ice-on) and 112 
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February-April (ice-off). We further calculated fall and spring isotherm dates as the day when a 113 

moving average of air temperature crossed a temperature threshold (sensu Higgins et al., 2021). 114 

We calculated the isotherm date with a factorial design using a range of daily air temperature 115 

metrics (minimum, mean, maximum), lengths of time (1 to 30 days), and temperature thresholds 116 

(0 to 5°C) for 540 unique combinations. We selected the isotherm variable that maximized R2 for 117 

either ice-on or ice-off. The annual date that the daily 17-day maximum observed air temperature 118 

crossed below 0°C (hereafter “fall 0°C isotherm date”) was most strongly correlated with ice-on, 119 

and the annual date that the daily 29-day mean observed air temperature crossed above 4°C 120 

(hereafter “spring 4°C isotherm date”) was most strongly correlated with ice-off. 121 

We modeled ice-on and ice-off using generalized additive models (GAMs) consisting of 122 

terms that accounted for interannual variability across each time series using a gamma family 123 

with a logistic link function (Hastie & Tibshirani, 1987; Wood, 2017). GAMs are effective at 124 

capturing non-linear relationships between environmental variables and response variables, in 125 

this case ice on, off, or duration. We built candidate models based on the top 10 climatic 126 

variables that were most highly correlated with either ice-on or ice-off while minimizing 127 

collinearity (Figure S5). We fit several GAMs for each ice phenological variable (Table S1) and 128 

ultimately selected the models that had the lower AIC and maximized deviance explained (Table 129 

S2). We estimated GAMs using the mgcv package (version 1.8-40; Wood, 2019), visualized all 130 

results with the ggplot2 package (Wickham, 2016), and arranged the plots with patchwork 131 

package (Pedersen, 2022). 132 

To examine the effects of broader-scale meteorological factors, we built GAMs including 133 

global temperature and teleconnections as potential drivers of ice duration. We obtained global 134 

annual temperature anomalies averaged over land and ocean from the National Oceanic and 135 
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Atmospheric Administration (NOAA, 2020). We also considered monthly North Atlantic 136 

Oscillation (NAO) and multivariate El Niño/Southern Oscillation (ENSO) indices as predictors 137 

of ice phenology, which we downloaded from the National Weather Service Climate Prediction 138 

Center (National Weather Service, 2020) and National Oceanic and Atmospheric Administration 139 

Physical Sciences Laboratory (NOAA Physical Sciences Laboratory, 2020), respectively. 140 

Structural equation modeling for under-ice conditions 141 

We constructed a structural equation model (SEM) that linked ice variables (ice-on and ice-off 142 

dates) with fall and spring mixing period lengths and underwater parameters using structural 143 

equation modeling (Grace et al., 2010). SEMs are a tool for examining causal relationships 144 

among multiple variables, enabling researchers to assess direct and indirect effects within 145 

ecological systems and test hypothesized pathways of influence (Grace et al., 2010). For each 146 

annual under-ice period, we calculated the mean temperature in the shallow (1-3m) and deep 147 

water zones (10-12m). To estimate the magnitude of inverse stratification under ice, we 148 

calculated the difference in water density between 1m and 11m (Δ density). We also calculated 149 

the mean heat content by calculating daily heat content in the lake using the temperature profile 150 

(Wetzel et al., 2000) and took the average across the under-ice period for each year. We also 151 

calculated the length of the fall mixed period as the number of days between lake turnover and 152 

ice-on and the spring mixed period as the number of days between ice-off and the onset of 153 

summer stratification (Oleksy and Richardson 2021). To account for varying magnitudes of 154 

ranges, we mean-centered and unit-variance scaled all variables. We built model relationships in 155 

a temporally linear fashion from fall to winter to spring to include regressions with causal 156 

relationships and covariances between variables that we expected to be collinear rather than 157 

causal. To visualize relationships from the optimal SEM, we calculated partial residual plots by 158 
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calculating the residuals for each variable using the multiple regression equation from the SEM. 159 

We also plotted the component and component plus residual to show where the fitted regression 160 

line was located (Wood, 1973). All SEM statistics were calculated using the lavaan package 161 

(Rosseel, 2012) and visualizations were created using the semPlot (Epskamp, 2022), ggplotify 162 

(Yu, 2021), ggnetwork (Briatte, 2021), and cowplot (Wilke, 2020) packages. 163 

High frequency analysis 164 

For 2 winters (2016-2017 and 2017-2018), we matched water temperature with ice 165 

phenology and percent ice cover, extending out our time frame to precede ice formation and 166 

follow full ice clearance from the lake by several weeks. We used high-frequency data to 167 

calculate additional metrics of ice-on and ice-off dates from Pierson et al. (2011). ‘Pierson ice-168 

on’ was calculated as the first time that the upper sensor (0 m) records a temperature at least 169 

0.1°C below the lowest (9 m) sensor temperature and ‘Pierson ice-off’ was the first recorded 170 

temperature where the upper sensor was less than 0.1°C of the lowest sensor at the end of the 171 

winter season.  172 

Given data availability, we focused on the formation of ice-on for both winters. We used 173 

temperature data to calculate two metrics of inverse stratification: 1) temperature difference from 174 

0m to 9m, and 2) Schmidt stability (Idso 1973) using the rLakeAnalyzer R package (Read et al. 175 

2011). For both metrics in the month of December for each winter, we calculated segmented 176 

regressions with 1 up to 7 breakpoints using the segmented R package (Muggeo 2016). We 177 

selected the optimal fit indicated as the lowest residual standard error and highest R2 values and 178 

selected the breakpoint before the steepest line as an indicator of statistically identifiable ice-on 179 

date and time to the nearest 15 minutes. We compared that specific date and time to the 24-hour 180 

period visually identified as the ice-on day (first day with 100% ice cover). We compared the 181 
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ice-on data identified by both high-frequency and visual ice-on day to meteorological data 182 

including air temperature, wind speed, and barometric pressure from the local meteorological 183 

station.  184 

Results 185 

Between 1932 and 2023, ice-on dates ranged between December 5th to February 8th with a 186 

median of December 27th. Ice-off dates ranged between March 11 and May 2 with a median of 187 

April 9th. We observed that ice-on is trending later (slope = 2.2 days decade-1, p = 0.001, Figure 188 

1) but we did not detect a statistically significant trend toward earlier ice-off over the 92-year 189 

period of record (slope = -0.7 days decade-1, p = 0.13, Figure 1). Consequently, ice cover 190 

duration is getting shorter (slope = -3.6 days decade-1, p < 0.001, Figure 1). Across all the 191 

possible segment sizes (n = 4 to 30 years, Figure S4), ice-on standard deviation increased by 0.7 192 

days decade-1 (p < 0.001, minimum slope = 0.23 days decade-1, maximum slope = 1.2 days 193 

decade-1, Figure 2d). Ice-off standard deviation increased by 0.28 days decade-1 (p < 0.001, 194 

minimum slope = 0.16 days decade-1, maximum slope = 0.5 days decade-1, Figure 2e). Ice 195 

duration variability increased by 1.45 days decade-1 (p<0.001, minimum slope = 1.15 days 196 

decade-1, maximum slope = 1.96 days decade-1, Figure 2f).   197 

Late fall and early winter temperatures were strong controls on the timing of ice-on in 198 

Mohonk Lake (Figure 3). The best model explained 67.5% of the deviance in the ice-on date and 199 

included a positive linear relationship with the timing of the fall 0°C isotherm date (Figure 3a, 200 

Table S2). A smaller proportion of the variance in ice-on day of year (DOY) was attributed to 201 

cumulative daily mean air temperature in November (Figure 3b). The fall 0°C isotherm date 202 

shifted 2.1 days decade-1  later since the beginning of the ice monitoring record (p = 0.02; Table 203 
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S3) but there was no trend in cumulative mean daily November air temperature (p > 0.05; Figure 204 

S6).  205 

Ice-off was controlled by a combination of late winter and spring precipitation and air 206 

temperature variables. The best model explained 81.3% of the variation in the ice-off date (Table 207 

S2). The spring 4°C isotherm date had a largely positive, linear effect on ice-off DOY (Figure 208 

3c). Cumulative mean daily air temperature in February also had a substantial effect on ice-on 209 

DOY, with warmer years resulting in earlier ice-off (Figure 3d). The amount of snowfall 210 

between February and April (ranging between 127 and 2113 mm) had a positive, non-linear 211 

impact on ice-off DOY, such that years with greater amounts of snow were associated with later 212 

ice-off, but above a certain snowfall threshold (~1250 mm), ice-off DOY is unaffected (Figure 213 

3e). The spring 4°C isotherm date shifted earlier by 1.4 days decade-1 (p  =  0.001, τ = -3.24), and 214 

cumulative mean daily air temperature in February increased by 5.9°C decade-1 (p  =  0.02, τ = 215 

2.21), but cumulative snowfall between February and April did not change substantially (Table 216 

S3). 217 

Variation in ice duration was partially explained by trends in global temperature anomaly 218 

and variability in November and December NAO cycles (Figure 4, deviance explained 24%). 219 

Higher global temperature anomalies since the early 20th century were associated with shorter 220 

ice duration. Years with negative November and December NAO indices were also correlated 221 

with shorter ice duration. 222 

The selected SEM converged (Figure 5a) with a comparative fit index indicating 223 

improvement over the null model (Table S4). Longer fall mixing was correlated with later ice-on 224 

dates (coefficient = 0.84, p = 0.001, Figure 5b).  Later ice-on dates resulted in lower deep water 225 

temperatures (coefficient = -0.36, p = 0.038, Figure 5c) but were not related to shallow average 226 



 
 

12 

temperatures under ice (coefficient = -0.20, p = 0.29). Warmer deep temperatures resulted in 227 

more negative water density differences (coefficient = -1.01, p = 0.003, Figure 5d) while warmer 228 

shallow temperatures resulted in small water density differences (coefficient = 1.32, p < 0.001). 229 

Warmer shallow (coefficient = 0.61, p < 0.001) and deep (coefficient = 0.42, p < 0.001) 230 

temperatures resulted in higher mean heat content. Ice-off date was negatively correlated with 231 

the length of the spring mixing period (coefficient = -0.48, p = 0.014, Figure 5e).  232 

Visual ice-on matched the Pierson ice-on identified by high-frequency data exactly for 233 

winter 2016-2017 (16 Dec 2016, Figure 6a). However, in winter 2017-2018, visual ice-on (27 234 

Dec 2017) was two weeks after the Pierson ice-on (14 Dec 2017, Figure 6b). Visual ice-off for 235 

both years was more than a month later than ice-off identified using high-frequency data (Figure 236 

6). We can identify the exact hour that inverse stratification/ice forms using the high frequency 237 

data (Figure 7). The two metrics of temperature difference and Schmidt stability were consistent 238 

with each other and identified night times as when ice-on occurred. In winter 2016, temp 239 

difference indicated ice-on occurring at 15 Dec 2016 22:30; stability indicated ice-on occurring 240 

at 15 Dec 2016 19:45:00, less than 3 hours apart. Both were consistent with visual ice-on (Figure 241 

7a,c). In winter 2017, temp difference indicated ice-on occurring at 14 Dec 2017 00:45; stability 242 

indicated ice-on occurring at 14 Dec 2017 22:45, still within a day of each other. However, these 243 

were about 2 weeks earlier than visual ice-on (Figure 7b,d). For both years, ice-on required well-244 

below freezing and consistently dropping air temperatures (Figure S7a-b). There was less 245 

evidence of the contribution of wind (Figure S7c-d), but dropping or low barometric pressure 246 

could facilitate or initiate lake freezing (Figure S7e-f). 247 
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Discussion 248 

Decreases in lake ice cover duration and increases in interannual variability in ice 249 

duration of seasonally ice-covered lakes worldwide (Sharma et al. 2021; Richardson et al. 2024) 250 

highlights a need to understand the implications for lake thermal characteristics, both during the 251 

shrinking under-ice period and the potential for carryover effects into the subsequent spring and 252 

summer (Dugan et al. 2021, Lewis and Carey 2024). In this study, we investigated the changes to 253 

ice phenology and attributed climatic drivers to the variability in a 92-year record of lake ice 254 

cover. We leveraged weekly temperature profiles that spanned the last third of that record and 255 

two years of high-frequency temperate profiles during the under-ice period to understand the 256 

implications of changing lake ice phenology on the thermal characteristics of this lake. Below, 257 

we place our results in a broader context of Northern Hemisphere lake ice loss, illustrate the 258 

potential pitfalls of relying on binary ice on or off metrics, and discuss the potential implications 259 

for lake ecosystem function under a warmer and increasingly variable future.   260 

Global and local drivers of ice change 261 

Mohonk Lake experienced decreases in winter ice-cover that amounted to a loss of 262 

approximately one month of winter ice cover over a 92-year period. Trends in ice duration in 263 

Mohonk Lake were driven largely by later ice formation and not earlier clearance; although ice-264 

off was not trending earlier, interannual variability in ice-cover increased as in many other 265 

seasonally ice-covered lakes (Benson et al., 2012, Richardson et al. 2024). Overall, decreased ice 266 

duration was related to the interplay between global climate change and teleconnections which 267 

influenced local weather drivers, and, in turn, ice phenology. Specifically, shorter ice duration 268 

was associated with higher global temperature anomalies, which were captured in variables such 269 
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as increasing fall, winter, and spring air temperatures (Table S3). Additional variation in ice 270 

duration was explained by the North Atlantic Oscillation (NAO) in November and December. In 271 

winters with positive NAO, the northeastern U.S. experiences mild winters while negative NAO 272 

is associated with cold-air outbreaks and strong storms, which may promote earlier ice formation 273 

or thicker ice cover, respectively. Teleconnections like El Niño-Southern Oscillation and NAO 274 

have been similarly shown to modify both ice phenology and summer stratification in lakes (Bai 275 

et al., 2012; Oleksy & Richardson, 2021; Sharma & Magnuson, 2014). For example, winter 276 

NAO has a substantial effect on spring hypolimnetic temperatures that ultimately carry into the 277 

stratified period in deep European lakes (Dokulil et al., 2006). 278 

In Mohonk Lake, ice-on and ice duration changed twice as fast compared to means from 279 

other northern hemisphere lakes (1.2 days decade-1 later and 1.7 days decade-1 shorter, 280 

respectively; Sharma et al., 2021) and the high rate of change was similar to lakes in the southern 281 

Rocky Mountains and the European Alps, which have some of the most rapid lake ice losses 282 

globally (6.6 and 3.6 days decade-1, respectively; Christianson et al., 2021; Kainz et al., 2017). 283 

The rapid changes in ice phenology were tightly linked to regional and local climatic shifts. The 284 

date when air temperature crossed thresholds that precipitated ice formation (e.g., 0°C) was 285 

getting later each year (2 days decade-1; Table S3). Consecutive cold days, in combination with 286 

cumulative mean daily temperature in November, intuitively explained about two-thirds of the 287 

variability in ice formation timing on Mohonk Lake, and have resulted in substantially later ice 288 

formation over time. Wind speed is another critical factor explaining lake ice formation 289 

(Bartosiewicz et al., 2020); wind can modulate lake heat transfer (Read et al., 2012) and disrupt 290 

ice formation when it is still thin (Kirillin et al., 2012), but is missing from our model due to a 291 

lack of data availability across the majority of the record.  292 
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While ice-off timing in the spring has not trended earlier, contrary to our expectations, it 293 

has been growing increasingly more variable in recent decades; preceding seasonal weather 294 

patterns explained the majority of that interannual variability. Ice-off in Mohonk was controlled 295 

by a combination of late winter and early spring air temperatures and cumulative snowfall, 296 

consistent with mountain lakes in the western United States (Caldwell et al., 2021; Preston et al., 297 

2016; Smits et al., 2021). Warmer conditions in late winter and spring and increases in solar 298 

radiation can accelerate ice break-up (Sharma et al., 2013), but this relationship is likely 299 

modified by the amount of precipitation that falls on the lake, particularly as snow. In years with 300 

more late winter and spring snowfall, lake ice likely persists longer because it is thicker and has 301 

higher albedo with the accumulation of snow and associated cold temperatures, thus promoting 302 

thicker ice formation (Cavaliere et al., 2021; Kouraev et al., 2007; Tronstad et al. 2024). 303 

Under-ice water temperatures 304 

Changing ice conditions impacted under-ice water temperatures in several ways. Since 305 

Mohonk is a bedrock-constrained lake in a small watershed with no surface or groundwater 306 

inflows, snowmelt likely plays a minimal role in regulating under-ice mixing as in mountain 307 

lakes (Smits et al., 2020) or groundwater intrusion lakes (Kirillin et al., 2012). Instead, under-ice 308 

thermal dynamics are likely regulated by a combination of ice duration and ice clarity which 309 

determine the degree of radiation-driven convection and mixing (Bruesewitz et al., 2015; 310 

Cavaliere et al., 2021). Later ice formation was associated with lower deep average water 311 

temperatures and thus resulted in cooler, well-mixed water columns that did not inversely stratify 312 

(Woolway et al., 2022). In Mohonk Lake, in winters with shorter ice duration (driven by later 313 

ice-on), under-ice inverse stratification was weaker. Both weaker inverse stratification and 314 

shorter ice duration will shorten the phase of stable inverse stratification under the ice (Kirillin et 315 
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al. 2012; Bruesewitz et al. 2015). The phase before ice-off occurs in the spring can both last 316 

weeks or longer with deepening convective layers driven by clear ice and cycles of daily solar 317 

radiation (Bruesewitz et al., 2015; Kirillin et al., 2012; Yang et al., 2017). 318 

While none of the under-ice thermal metrics were causally linked to ice-off date, our 319 

results point to the potential for ice phenology to impact spring thermal dynamics (Dugan, 2021; 320 

Li et al., 2022). Specifically, in years with longer ice seasons, the lake quickly stratified 321 

following ice clearance; although the spring mixed period was shorter, the onset of stratification 322 

was indeed later than average (Oleksy & Richardson, 2021). In contrast, when ice clearance 323 

occurred earlier, the spring mixing period was longer but the onset of stratification was earlier 324 

than average, with warmer hypolimnetic temperatures during the spring mixed-period as well as 325 

during the stratified summer months (Oleksy & Richardson 2021). Spring ice conditions are 326 

important antecedent conditions that set the stage for spring mixed period and summer thermal 327 

dynamics, a concept increasingly referred to as ecological memory (e.g., Dugan et al. 2021, 328 

Lewis and Carey 2024). 329 

The two winters with additional high-frequency temperature profiles provided some 330 

additional insights into the relationship between ice phenology observations and under-ice 331 

thermal characteristics. While historical visual lake ice records are an invaluable indicator of lake 332 

responses to climate change (Magnuson et al. 2000), there is considerable variability in how 333 

observers define “ice on” or “ice off” (Sharma et al. 2022) which may not always align with the 334 

true thermal properties of the lake. For instance, at Mohonk Lake, we define “ice on” as the first 335 

day with 100% ice cover and “ice off” as the first day in the spring with 0% ice cover while other 336 

lake ice monitoring programs use a variety of different metrics, e.g., ice-off occurs when a lake is 337 

navigable by boat even with some ice coverage (Sharma et al 2022). One lesson learned by this 338 
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binary phenology observation is that visual observations of ice might not always match up to the 339 

under-ice thermodynamics. In 2016 where ice formation occurred quickly, the day we recorded 340 

100% ice coverage (“ice on”) coincided with two metrics of inverse stratification, while in 2017, 341 

the lake was inversely stratified nearly two weeks before the lake reached 100% ice cover 342 

(Figure 7). Similarly, inverse stratification ceased and the lake thermally mixed days (spring 343 

2017) or weeks (spring 2018) prior to the loss of ice complete ice cover in the lake (Figure 6). 344 

Questions remain as to how intermittent ice cover, the speed of ice loss, and ice quality drive 345 

(e.g., clear ice, white ice, or snow on ice) interact to affect under-ice thermal dynamics and other 346 

temperature and mixing-dependent biogeochemical processes in lakes.  347 

Ecological implications 348 

Through changes in thermal dynamics, the loss of lake ice has the potential to alter many 349 

different biogeochemical and ecological dynamics in lakes. With later ice formation in the fall, 350 

more phytoplankton can grow and increase zooplankton overwintering success, dampening the 351 

spring phytoplankton bloom (Hébert et al., 2021). In spring, antecedent winter conditions alter 352 

the successional dynamics of phytoplankton assemblages and in turn can result in mismatched 353 

phenology of herbivorous zooplankton (Hrycik et al., 2022). With longer mixed seasons and 354 

earlier onset of stratification, Mohonk Lake would likely have exacerbated mismatches of 355 

zooplankton and phytoplankton spring phenology. Additionally, shorter duration of ice cover and 356 

thinner ice promotes higher under-ice metabolism which can account for a substantial amount of 357 

annual net ecosystem production (e.g., Brentrup et al., 2021). 358 

Mohonk Lake appears to be at risk of transitioning from being classified as dimictic to 359 

monomictic in the near future. For example, the 2022-2023 winter had three periods of ice freeze 360 

and melt (Figure 1), the first time this had happened in this nearly century-long ice record. There 361 
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is potential for future winters with shortening ice phases, no ice, and varying degrees of ice 362 

quality (Weyhenmeyer et al., 2022; Sharma et al., 2019, 2021).  Winter limnological studies like 363 

this one are critical in “closing the loop” between under-ice and ice-free seasons (Salonen et al., 364 

2009), and underscore the repercussions of changing winter ice phenology on lake ecosystem 365 

dynamics.366 
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Figures 

 
 
Figure 1. Ice phenology in Mohonk Lake from 1932-2023. Dates of ice-on and ice-off are 
plotted as points. A line segment connects the ice-on and ice-off in the same water year and the 
length and color gradient and point fill correspond to ice-cover duration. The black line indicates 
significant Theil-Sen’s slope (p<0.05). Triangles indicate years where only ice-on or ice-off was 
recorded. 



 
 

20 

 
Figure 2.  Ice phenology in Mohonk Lake from 1932-2022 for (a) ice-on, (b) ice-off, and (c) ice duration. For each figure, the 9-year 
simple moving average is presented as the dark line, and the Bollinger band (± 10-year rolling standard deviation) is the shaded area 
presented at the median year for each 10-year window. Standard deviations for mean trends (slope and intercept) across all sequential 
windows (4 to 30 years)for (d) ice-on, (e) ice-off, and (f) ice duration with shaded areas representing minimum to 95% possible trend 
line fits for each year.  
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Figure 3. General Additive Model results for ice-on date and ice-off date. Ice-on date was best 
explained by (a) 17 days after that the maximum daily air temperature fell below the 0°C air 
temperature isotherm and (b) cumulative mean daily air temperature in November (deviance 
explained 67.5%). Ice-off date was best explained by (c) 29 days after the average daily air 
temperature exceeded the 4°C isotherm in the spring, (d) cumulative mean daily temperatures in 
February, and (e) cumulative snowfall between February and April (deviance explained 81.3%). 
For all panels, the points represent raw data, and the fitted curves are the predictions holding all 
other covariates at their median value.
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Figure 4. General Additive Model results for global drivers of ice duration. Ice duration was best 
explained by (a) global temperature anomaly, (b) December NAO index, and (c) November 
NAO index (deviance explained 24%). For all panels, the points represent raw data, and the 
fitted curves are the predictions holding all other covariates at their median value
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Figure 5. (a) A network plot is showing structural equation model results linking Mohonk 
Lake’s fall-mixed, under-ice, and spring-mixed seasons via ice phenology (Ice-On and Ice-Off 
dates). Starting with the length of fall mixing (Fll Mix) to under-ice shallow (1-3 m: Shal°C) and 
deep  (10-12 m: Deep°C) water temperatures, the water density difference between 1m and 11m 
deep (Dens Δ), and mean under-ice heat content (Heat) through the length of the spring mixing 
period (Spr Mix). Path coefficients are labeled on all edges with red lines indicating a significant 
negative relationship, blue lines indicating a significant positive relationship, grey lines 
indicating non-significant relationships, and the thickness of the edge arrow representing the 
strength of the relationship between mean-centered and unit-variance scaled variables. Single-
ended arrows indicate a causal regression while double-ended arrows indicate covariance. From 
the structural equation model, covariance or partial residual plots for back-transformed variables 
are displayed for four selected significant relationships including (b) the length of the fall mixing 
period and ice-on date, (c) ice-on date and deep under ice water temperatures, (d) deep under ice 
water temperatures and water density difference between 1m and 11m deep and shallow under 
ice water temperatures, and (e) the length of the spring mixing period and ice-off date. For causal 
regression relationships, component and component plus residual were plotted as a black line to 
show where the fitted regression line falls. With significant covariance relationships, no 
regression lines were plotted. 
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Figure 6. High-frequency (every 15 min.) data from (a) 2016-2017 and (b) 2017-2018 winters. 

The blue line shade indicates the depth of each temperature sensor (left y-axis). Open circles 

indicate the daily percentage of ice cover (right y-axis). The vertical solid line indicates visually 

assessed ice-on and ice-off while the vertical dotted line indicates the ice-on and ice-off based on 

temperature differences between the top and bottom temperature sensors (Pierson et al. 2011).   
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Figure 7. High frequency (15 min.) metrics of inverse stratification including temperature 

difference between the upper (0 m) and lowest (9 m) temperature sensors in December (a) 2016 

and (b) 2017 and the Schmidt stability in December (c) 2016 and (d) 2017. The vertical black bar 

indicates the steepest line of change for all metrics as an indicator of statistically identifiable ice-

on date and time to the nearest 15 minutes. The gray bar indicates the day (full 24-hour period) 

identified from visual assessment as the first day of the winter with 100% ice cover. The gray 

lines are the best fit segmented regressions.    
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Sequential standard deviation windows: To assess changing variability of ice phenology, we 
evaluated 3 to 13-year windows of ice-on, ice-off, and ice duration for sequential windows as 
follows. First, we identified Y different series of standard deviations (Y years where Y=3,...,13) 
starting with 1932 through 1932+Y-1, beyond which the windows would repeat. Next, for each 
series, we calculated the standard deviation for sequential windows of Y years. For example, 
there are four unique versions of the 4-year windows (Fig. S1), nine unique versions of the 9-
year windows (Fig. S2), and 13 unique versions of the 13-year windows (Fig. S3). For the 4-year 
sequential windows, the first version would start in 1932 with standard deviations calculated for 
4-year sequential windows: 1932-1936, 1937-1941, etc…, the second version would start in 
1933: 1933-1937, 1938-1942, etc… To determine if variability is increasing for each window 
size, we calculated the Theil-Sens slope and intercept. Ultimately, shorter windows had the most 
sequential standard deviation windows possible but the least number of unique versions. The 13-
year window had only 5 or 6 different sequential standard deviation calculations but the most 
unique versions. To balance these two factors, we used 9-year windows for both analyses.  
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Figure S1. Standard deviations for all possible 4-year sequential windows where the year in each 
panel’s title indicates the start year of the first segment. Additional sequential windows would 
overlap existing windows. The line indicates the Theil-Sen slope for each sequence of standard 
deviations.  
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Figure S2. Standard deviations for all possible 9-year sequential windows where the year in each 
panel’s title indicates the start year of the first segment. Additional sequential windows would 
overlap existing windows. The line indicates the Theil-Sen slope for each sequence of standard 
deviations.  
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Figure S3. Standard deviations for all possible 13-year sequential windows where the year in 
each panel’s title indicates the start year of the first segment. Additional sequential windows 
would overlap existing windows. The line indicates the Theil-Sen slope for each sequence of 
standard deviations.  
 

 
Figure S4. Theil-Sen slope fits for (a) ice-on standard deviation (sd), (b) ice-off sd, and (c) 
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duration sd compared across years of record (1931-2022). Sds were calculated from sequential 
windows of time across 4 to 30 years with color representing the sequential window length 
(segment length). For example, four year windows had four unique slopes (see Figure S1), 13-
year sequential windows had 13 different slopes (see Figure S3), and 30 year windows had 30 
different slopes. Overall, this resulted in 459 total best-fit lines in each panel.   
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Figure S5.  Pairwise correlation (Spearman’s rho) between ice-off (top panel) and ice-on 
(bottom panel) and variation meteorological variables ranked in order from strongest to weakest.  
 Prior to building the models, we tested for collinearity among the variables. For collinear pairs 
with correlation >|0.7|, we chose the variable with the higher correlation strength with ice-on or 
ice-off date.
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Figure S6. Cumulative mean daily air temperatures at Mohonk Lake between 1932 and 2022. Grey points are raw data and lines are a 
fitted trend. Shading around trend shows 95% confidence intervals. Red lines indicate periods of a significant temperature increase as 
indicated by the first derivative of the generalized additive model.
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Figure S7. Meteorological data for the beginning of winter in 2016 (a, c, e) and 2017 (b, d, f) for 
air temperature (top row), wind speed (middle row), and barometric pressure (bottom row). The 
black line is the 3 day moving average. The vertical black line is ice-on identified by high-
frequency temperature differences between 0 m and 9 m temperature sensors. The grey bar 
indicates the day (full 24-hour period) identified from visual assessment as the first day of the 
winter with 100% ice cover.
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Table S1. List of top 3 GAMs fitted to ice-on and ice-off date. Model complexity (EDF; effective degrees of freedom) and AIC scores 
are shown for each model. The models highlighted in the text are ranked #1 and model summaries are contained in supplemental 
Table S2.  
 
Response Predictors EDF AIC Rank % Dev. explained 
Ice on date Fall isotherm date, 

Cumulative mean daily temp. Nov. 
3.6 461.8 1 67.7% 

Ice on date Fall isotherm date 2.0 478.9 2 56.4% 

Ice on date Cumulative mean daily air temp. Nov, 
Cumulative mean daily air temp. Dec 
November NAO index 

4.0 546.7 3 57.9% 

      
Ice off date (9) Cumulative mean daily air temp. February, 

Spring isotherm date, 
Cumulative snowfall Feb.-Apr., 
Ice in day of year 

6.9 461.5 1 81.2% 

Ice off date (7) Cumulative mean daily air temp. February, 
Cumulative mean daily air temp. March, 
Cumulative snowfall Feb.-Apr. 
Ice in day of year 

9.0 469.5 2 80.4% 

Ice off date (8) Cumulative mean daily temp. Feb.-Mar., 
Cumulative snowfall Feb.-Apr., 
Ice in day of year 

8.2 473.3 3 78.8% 
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Table S2. Top ranking model summary for ice on date and ice off date. 
 
  Estimate Est. df. Ref. df Chi.sq F p-value 
Ice duration Intercept 97.6      

Global temperature anomaly  1.0 1.0 11.4 - < 0.001 
NAO index Nov.  1.0 1.1 3.2 - 0.082 
NAO index Dec.  1.0 1.0 3.7 - 0.054 

        
Ice-on date Intercept 4.4      

Fall isotherm date  1.0 1.0 - 110.4 < 0.001 
Cumulative mean daily temp. Nov.  1.6 1.9 - 11.8 < 0.001 

        
Ice-off date Intercept 95.7      

Cumulative mean daily temp. Feb.  1.0 1.0 - 16.9 < 0.001 
Spring isotherm date  1.0 1.0 - 74.9 < 0.001 

Cumulative snow Feb-Apr.  2.8 3.6 - 8.4 < 0.001 
Ice-on day of year  1.0 1.0 - 1.8 0.18 
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Table S3. Sens slopes on all the computed climatic variables for Mohonk Lake. We computed Sens slopes for all monthly and 
seasonal ENSO and NAO variables, but all Sens slope p-values were > 0.05 and therefore not printed in this table. 
*** p < 0.001; ** p < 0.01; * p < 0.05. 
 

Climatic variable p-value Slope Intercept z-statistic 

Global temp. anomaly (°C) <0.001*** 0.0112 -21.8      9.93   

Date of maximum snowfall 0.8183  0.167  -186        0.23   

Maximum snow depth (mm) 0.7162  -2.21   4870- -0.363  

Sept. cumulative snow (mm) 1  0      0        0      

Sept.-Nov. cumulative rain (mm) 0.114  0.865  -1400 1.58   

Sept.-Nov. number of days mean daily air T below zero  0.0558  -0.0217 47.2      -1.91   

Sept.-Nov. number of days min daily air T below zero  0.18  -0.0294 71.4    -1.33   

Sept.-Oct. number of days min daily air T below zero  0.2657  0      1      -1.11   

Sept.-Nov. cumulative mean daily air temp. (°C)  0.0013** 1.35   -1650 3.23   

Sept.-Nov. cumulative snow (mm) 0.261  -0.334 715        -1.12   

Sept.-Oct. cumulative mean daily air temp. (°C)  0.0007*** 0.978  -1070 3.39   

Sept.-Oct. cumulative rain (mm) 0.0347* 0.975  -1730 2.11   

Sept.-Oct. cumulative snow (mm) 0.9583  0      0        -0.05    

Sept. cumulative mean daily air temp. (°C)  0.0001*** 0.644  -760        3.9    
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Climatic variable p-value Slope Intercept z-statistic 

Sept. cumulative rain (mm) 0.221  0.371  -631        1.22   

Oct cumulative mean daily air temp. (°C)  0.0984  0.323  -294        1.65   

Oct.-Dec cumulative mean daily air temp. (°C)  0.0098** 1.32   -2170 2.58   

Oct.-Dec. cumulative rain (mm) 0.0362* 0.957  -1590  2.09   

Oct.-Dec. cumulative snow (mm) 0.805  -0.526  1460 0.247  

Oct.-Dec. number of days mean daily air T below zero  0.0058** -0.087 196        -2.76   

Oct.-Dec. number of days min daily air T below zero  0.097  -0.0496 138        -1.66    

Oct.-Nov cumulative mean daily air temp. (°C)  0.0378* 0.677  -843        2.08   

Oct.-Nov. cumulative rain (mm) 0.084 0.578  -938        1.73   

Oct.-Nov. number of days mean daily air T below zero  0.0515  -0.0204 44.6      -1.95   

Oct.-Nov. number of days min daily air T below zero  0.1649  -0.0294 71.5      -1.39   

Oct. % of precipitation as rain  0.9397  0      100        -0.07   

Oct. cumulative rain (mm) 0.0126* 0.615  -1.12e+03 2.5   

Oct. cumulative snow (mm) 0.9934  0      0        -0.0083 

Oct. number of days min daily air T below zero  0.0265*  0      1        -2.22 

Oct.-Nov. cumulative snow (mm) 0.1598  -0.406  852        -1.41   



 
 

13 

Climatic variable p-value Slope Intercept z-statistic 

Nov cumulative mean daily air temp. (°C)  0.1664  0.331 -510 1.38 

Nov. % of precipitation as rain  0.0362* 0.184 -293        2.09   

Nov. cumulative rain (mm) 0.715  -0.0768  251        -0.365   

Nov. cumulative snow (mm) 0.0473  -0.305  651        -1.98   

Nov. number of days mean daily air T below zero  0.0608  -0.0184 40.6      -1.88 

Nov. number of days min daily air T below zero  0.3148  -0.0177 47.2      -1.01  

Dec. % of precipitation as rain  0.7778  0.0176 -9.63 0.282 

Dec. cumulative rain (mm) 0.0143*  0.459  -804        2.45   

Dec. cumulative snow (mm) 0.3613  0.901 -1.53e+03 0.913 

Fall isotherm date 0.0292* 0.214 -330 2.18 

Dec. number of days mean daily air T below zero  0.005* -0.0714 159 -2.81 

Dec. number of days min daily air T below zero  0.0725  -0.0303 85.5 -1.8 

Dec. cumulative mean daily air temp. (°C) 0.0024** 0.844 -1.7e+03 3.04 

Jan cumulative rain (mm) 0.4315  0.148 -209 0.787 

Jan-Mar cumulative mean daily air temp. (°C)  0.0109* 1.54   -3.19e+03  2.55   

Jan-Mar. cumulative rain (mm) 0.333=91  0.407  -535       0.956  
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Climatic variable p-value Slope Intercept z-statistic 

Jan-Mar. cumulative snow (mm) 0.7551  -0.788 2.56e+03 -0.312 

Jan. % of precipitation as rain  0.5261  0.0418 61.5      0.634 

Jan. cumulative mean daily air temp. (°C)  0.5817  0.228 -571 0.551 

Jan. cumulative snow (mm) 0.6469  -0.473 1.29e+03 -0.458 

Jan. number of days mean daily air T below zero  0.5515  0      24        -0.596 

Jan. number of days min daily air T below zero  0.1582  0      29        -1.41   

Feb cumulative mean daily air temp. (°C)  0.018* 0.639  -1.34e+03 2.37   

Feb-Apr. cumulative mean daily air temp. (°C)  <0.0001**
* 

2.59 -4.88e+03 4.26   

Feb-Apr. cumulative rain (mm) 0.6807  0.119 32.8 0.441 

Feb-Apr. cumulative snow (mm) 0.6233  -1.08 2.87e+03 -0.491  

Feb-Mar cumulative mean daily air temp. (°C)  0.001** 1.59  -3.17e+03 3.3 

Feb-Mar. cumulative rain (mm) 0.7677  0.08  -20.1      0.295 

Feb-Mar. cumulative snow (mm) 0.9154 -0.159  1.01e+03 -0.106  

Feb-Mar. number of days mean daily air T above zero  0.003** 0.0945 -158     2.97  

Feb-Mar. number of days min daily air T above zero  0.0015*** 0.0789  -145 3.18 
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Climatic variable p-value Slope Intercept z-statistic 

Feb. % of precipitation as rain  0.628  0.0204 -22.2 0.484 

Feb. cumulative rain (mm) 0.9102  0.0136 48.2 0.113 

Feb. cumulative snow (mm) 0.5748  -0.564 1.45e+03 -0.561  

Feb. number of days mean daily air T below zero  0.0823 -0.0348  88.5 -1.74 

Feb. number of days min daily air T below zero  0.0098** -0.025 75.3 -2.58 

Mar-Apr cumulative mean daily air temp. (°C)  0.0001*** 1.79   -3.21e+03 3.99   

Mar-Apr. cumulative rain (mm) 0.548  0.196 -197 0.601 

Mar-Apr. cumulative snow (mm) 0.18  -1.65 3.61e+03  -1.34 

Mar-Apr. number of days mean daily air T above zero  0.0039** 0.0625 -73.9      2.98   

Mar-Apr. number of days min daily air T above zero  0.0026*** 0.0816 -129        3.01 

Mar. % of precipitation as rain  0.4984  0.0429 -59.1 0.667 

Spring isotherm date 0.0008*** -0.144 476 -3.36 

Mar. cumulative mean daily air temp. (°C)  0.0024** 0.935  -1.79e+03 3.04  

Mar. cumulative rain (mm) 0.4219  0.152 -204 0.803 

Mar. cumulative snow (mm) 0.7324  -0.286 849 -0.342 

Mar. number of days mean daily air T above zero  0.0045** 0.0603 -99.3 2.84 
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Climatic variable p-value Slope Intercept z-statistic 

Mar. number of days mean daily air T below zero  0.0045** -0.0603 130   -2.84 

Mar. number of days min daily air T above zero  0.0232** 0.0463 -83.2 2.27 

Mar. number of days min daily air T below zero  0.0232** -0.0463 114 -2.27 

Apr. % of precipitation as rain  0.0654  0      85.9 1.84 

Apr. cumulative mean daily air temp. (°C)  0.0001*** 0.978 -1.67e+03  4.04 

Apr. cumulative rain (mm) 0.926  -0.0272 158 -0.0929 

Apr. cumulative snow (mm) 0.0659  0      12.7 -1.84 

Apr. number of days mean daily air T below zero  0.1521  0      0        -1.43 

Apr. number of days min daily air T below zero  0.0044** -0.04   84.8 -2.85 
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Table S4. Structural equation model fits. Relationship indicates the type of relationship 
(covariance or regression) for each variable with the variable (indented) below. For regression, 
variables indicate response variable (non-indented) and predictor variable or intercept (indented). 
For each relationship, an estimate of fit (Estimate), standard error of the estimate (Estimate SE), 
test-statistic (Z statistic) and p-value are included.  

 
 

Variables Relationship Estimate 
Estimate 
SE 

Z 
statistic p-value 

Ice-on date      
     Fall mixed period (d) Covariance 0.84 0.26 3.16 0.002 
Under ice shallow (°C)      
     Ice-on date Regression -0.23 0.19 -1.20 0.229 
     Intercept Regression 0.09 0.19 0.47 0.637 
Under ice deep (°C)      
     Ice-on date Regression -0.43 0.17 -2.52 0.012 
     Intercept Regression 0.10 0.17 0.60 0.549 
Under ice deep (°C)      
     Under ice shallow (°C) Covariance 0.70 0.22 3.26 0.001 
Density Δ (kg m-3)      
     Under ice deep (°C) Regression -0.87 0.36 -2.42 0.016 
     Under ice shallow (°C) Regression 1.27 0.35 3.58 <0.001 
     Intercept Regression 0.01 0.16 0.03 0.974 
Heat content (MJ)      
     Under ice deep (°C) Regression 0.43 0.03 14.52 <0.001 
     Under ice shallow (°C) Regression 0.61 0.03 19.13 <0.001 
     Density Δ (kg m-3) Regression -0.05 0.01 -3.09 0.002 
     Intercept Regression 0.01 0.01 0.59 0.557 
Ice-off date      
     Density Δ (kg m-3) Regression -0.12 0.23 -0.50 0.614 
     Under ice shallow (°C) Regression 0.00 1.68 0.00 0.999 
     Under ice deep (°C) Regression 0.87 1.20 0.73 0.466 
     Heat content (MJ) Regression -0.81 2.67 -0.30 0.762 
     Intercept Regression 0.01 0.19 0.06 0.955 
Ice-off date      
    Spring mixed period (d) Covariance -0.49 0.20 -2.43 0.015 


