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Appendix 1 Table S 1: The prior distributions chosen for each parameter of our dose response
model with associated reasoning. Before analysis, the cold hardiness date was multiplied with
-1 to be positive, and 30 was added to the air temperature data. The prior distributions reflect
this data transformation.)

Parameter Prior Reasoning

b gamma(7, 1) We know winegrapes gain and lose cold hardiness so a rate
of change of 0 is highly improbable. Maximum potential
rates of change was chosen based on prior predictive checks.

bgeno normal(0, 1) This distribution was chosen based on prior predictive
checks.

d normal(25, 10) A maximum cold hardiness of 0 or below is not possible
because we know that even green tissue is more hardy than
that. Maximum potential values are around 60 because
vines use supercooling to achieve cold hardiness and su-
percooling could not account for cold hardiness above this
value.

σdgeno gamma(2.5, 1.75) This distribution was chosen based on prior predictive
checks.

drgeno normal(0, 1) This prior was necessary for the non-centered parameteri-
zation to remain mostly between 0 and 1.

σdsite gamma(2.5, 1.75) This distribution was chosen based on prior predictive
checks.

drsite normal(0, 1) This prior was necessary for the non-centered parameteri-
zation to remain mostly between 0 and 1.

c normal(2, 0.5) Our data did not span the full range of the sigmoid curve
relationship of winter hardiness to air temperature; we lack
data on minimum hardiness. This is a common problem
with winter hardiness measured using the differential ther-
mal analysis (DTA) electric pulse method. Cells that are
not cold hardy have too much water in them. This is a prob-
lem because DTA does not work well when bud hardiness
is above (warmer) than -10C. There is free water in buds
which freezes at -5C to -7C. This creates a giant heat spike
and masks the tiny heat spikes released when internal cel-
lular water freezes (the point at which a bud is killed). An
estimation of minimum hardiness of winegrapes was taken
from a selection of sources: -3°C (Ferguson et al., 2011),
-1.2°C (Ferguson et al., 2014). We fed this estimation into
the model as a prior constrained closely around -2°C.

ẽ normal(log(30), 0.15) We constrained ẽ to fall within the potential winter air tem-
perature values in the range of 0 to 50, which corresponds
to -30°C to 20°C.

σ normal(0, 5) This distribution was chosen based on prior predictive
checks.
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Appendix 1 Figure S 1: A comparison between model fit for mean air temperature values
potentially used in our model estimating maximum cold hardiness. The two air temperatures
options are a 1-Day Mean (minimum temperature from the measurement day plus maximum
temperature for the day before, divided by two), and a 2-Day Mean (minimum temperature
from the measurement day and the day before plus maximum temperature for the day before
and two days before, divided by four). Panel a) shows the posterior distributions of the models’
estimates for maximum cold hardiness (d). Panel b) shows the mean predicted cold hardiness
values at each temperature from each temperature model.
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Appendix 1 Figure S 2: A comparison between gridded climate estimates and weather data
collected from Agriculture Canada weather stations in Penticton, Osoyoos and Kelowna. While
accuracy varies, there is no systematic trend across all locations.

1 Supplementary Results

1.1 Modeling using climate data from the gridded dataset

We chose to fit our cold hardiness using data from the Environment Canada weather station in Pen-
ticton, BC, Canada, because this gave us a longer cold hardiness time series to work with. We then
used climate data from another source (25km gridded historical climate data) to make our climate
map inferences. Had we used the gridded data to fit our model, we would have lost the data for
2017-2021 cold hardiness because the gridded data only runs through 2016. For this jump from one
dataset to another to be valid, though, the inferences from our Penticton weather station model need
to be consistent with the gridded data. We therefore re-fit the same dose response model but with
climate data extracted from the gridded data. We used the location of the gridded weather station
to select the grid cell of climate data, and extracted minimum and maximum temperatures from that
grid cell. We took the mean of these min and max values, and used these as the x variables in our
model. Thus, we retained the structure of a central weather location, while incorporating potential
differences introduced by the Sheffield et al. (2006)’s observation-based gridded data. We found that
the estimated maximum cold hardiness(d) values were very similar between models (Fig. S3). How-
ever, gridded minimum temperature was often estimated to be lower than detected in local weather
stations (Fig. S3). This relationship also translated into higher estimates of numbers of freeze days in
some of the gridded data (Tab. S2).

Appendix 1 Table S 2: A comparison between the estimated number of freeze days for the least
cold hardy genotype between gridded climate data and local weather stations.)

Location Date range Weather Station
Freeze Days

Gridded Freeze Days

Penticton 2012-2016 0 18
Osoyoos 2012-2016 0 39
Kelowna 2012-2016 53 21
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Appendix 1 Figure S 3: The posterior distribution of predicted cold hardiness values (ỹi) from
the model using the gridded climate data and the model using the Penticton weather station
data. Both models’ predictions overlap extensively.
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Appendix 1 Figure S 4: The variation in maximum hardiness (d) of each genotype.The gray
dotted line represents the mean maximum hardiness (d).

Appendix 1 Figure S 5: The variation in maximum hardiness (d) of each site (dsite).The gray
dotted line represents the mean maximum hardiness (d).
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Appendix 1 Figure S 6: The variation in rate of change of hardiness (b) of each genotype (σbgeno

). The gray dotted line represents the mean rate of change of hardiness (b). There were no
discernible differences between genotypes in their rates of change of cold hardiness (that is, all
the distributions fully overlap). This rate of change of cold hardiness includes both acclimation
(becoming more cold hardy) and deacclimation (becoming less cold hardy)

.
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