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School of Environmental and Forest Sciences 

 

Plant phenology has been and continues to be impacted by climate change. Process-based modeling of 

phenology reveals biological characteristics through interpretation of model results and parameter values. This 

paper aims to implement a cold hardiness model using historical Douglas-fir (Pseudotsuga menziesii (Mirb.) 

Franco) data, determine if model results improve with data clustering by seed source or growing location, and 

interpret model results into biological meaning. These interpretations have applications for reforestation and 

studies of plant phenological response to climate change. 

Cold hardiness data were compiled through literature review. A process-based cold hardiness model using daily 

temperature inputs was applied to multiple data clustering scenarios. Model results were analyzed for goodness 

of fit to determine error, efficiency, and bias. A sensitivity analysis and cross validation were performed to 

determine parameter sensitivity, model bias, and variance.  

Data clustering by seed source improved fit compared to clustering by growing location or no clustering when 

applied to the full dataset. Using only temperature inputs, model results had low error when data modeled were 

similar. Results show that for cold hardiness acclimation a linear growing degree function with a threshold of 

10°C was adequate across testing data, as was a maximum cold hardiness temperature of -3°C.  

Interpretation of model results show that both acclimation to growing sites and seed source genetics impact cold 

hardiness response, though clustering by seed source improved model performance. This model can be applied 

to mitigate cold related risks to seedlings during production and establishment, and can be a template for 

predicting phenological responses in simulated future climate scenarios.  
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Background 
 

Plant phenology is the timing of cyclical life events such as budburst and flowering. The 

timing of phenological events is important in determining growing season duration and 

coordination of tissue development and tolerance to seasonal changes in the growing 

environment. Changes in plant phenology have been a method of observing ecosystem and 

biological effects of climate change (Field & Barros, 2014; Peñuelas et al., 2009). Major 

phenological features of tree species, cold hardiness in winter, and bud burst timing in spring, are 

critical factors in forest health, productivity, and ecosystem resilience, and are impacted by 

warming temperatures (Bansal et al., 2015; Ettinger et al., 2020). The ability of trees and 

seedlings to survive cold exposure and to initiate vegetative growth in the spring can determine 

success or failure of reforestation, restoration, production, and survival (Krasowski & Simpson, 

2001).  

Plant cold hardiness indicates the ability of a plant tissue to survive exposure to cold and 

freezing temperatures without damage. In some conifers maximum cold hardiness has been 

documented to be below -196°C, the temperature of liquid nitrogen (Sakai & Weiser, 1973). The 

maximum cold hardiness of conifer species is correlated with the USDA climatic zones and 

average minimum temperature (Bannister & Neuner, 2001), indicating that climate factors 

impact the development of cold hardiness, through either evolutionary genetic adaptation over 

millennia, or site based phenotypic acclimation. The seasonal cycle of cold hardiness can be 

visualized by the general curve pattern in Figure 1, which shows cold hardiness as the lethal 

temperature of 50% of the population (LT50). The seasonal cycle begins in the fall with 

acclimation, where tissues become progressively more cold hardy based on day length and 



chilling temperatures. Peak cold hardiness occurs during the coldest winter months, followed by 

deacclimation, when cold hardiness is rapidly reduced in relation to warming temperatures which 

also lead to bud burst and shoot elongation in the spring. (Bigras et al., 2001; Harrington et al., 

2010). The cold hardiness acclimation period in conifers is controlled by temperature and 

photoperiod (G. Zhang et al., 2003), while deacclimation in the spring is primarily controlled by 

temperature (Harrington & Gould, 2015). 

Spring bud burst and shoot elongation in conifers signal the initiation of vegetative 

growth during the growing season. Bud burst is a key determinant of growing season length 

which impacts net primary productivity (Richardson et al., 2013), an important consideration for 

both ecosystem services and carbon relations. The progression towards bud burst, similar to cold 

hardiness, is driven by a combination of chilling and forcing temperatures (Harrington & Gould, 

2015). Temperature changes related to climate change have modified the timing and duration of 

these transitions, with reductions in chilling being the most important driver across temperate 

tree species (Ettinger et al., 2020). Seasonality is predicted to change more in the future, 

including shorter winters, springs, and autumns (J. Wang et al., 2021), further impacting plant 

phenology and limiting chilling potential. As bud burst and shoot elongation occur, cold 

hardiness is at a minimum. Thus, a mismatch in the timing of budburst and seasonal climate, due 

to rapid changes in climate, can result in potential negative outcomes. These include increased 

likelihood of cold damage due to early deacclimation (Arora & Taulavuori, 2016; Wisniewski et 

al., 2018), or delayed budburst due to lower accumulation of chilling temperatures (Ettinger et 

al., 2020; R. Zhang et al., 2021). The likelihood of these impacts varies by population geography, 

continentality, and elevation (Ford et al., 2016).  



Climate change, especially spring warming, has accelerated bud burst timing, but this rate 

of acceleration has declined recently due to winter warming (Ettinger et al., 2020; Fu et al., 

2015). Modified phenology has additional feedbacks on climate systems which impact 

ecosystem productivity (Fu et al., 2015; Peñuelas et al., 2009). Terrestrial carbon sinks are the 

primary source of uncertainty in global carbon models, due to the complexity of direct effects 

and feedbacks including CO2 fertilization, nitrogen deposition, increased respiration rates, and 

changes in growing season and phenology (Eyring et al., 2016; Tharammal et al., 2019; Zhou et 

al., 2018). Terrestrial carbon models could be improved by better understanding of phenological 

mechanisms (Piao et al., 2019). 

Researching the mechanisms of cold hardiness and bud burst will improve our 

understanding of the impact of climate change on these phenological events. Additionally, 

improved quantification of chilling and forcing requirements can inform material selection for 

assisted migration (Boiffin et al., 2017; Chakraborty et al., 2019; Isaac-Renton et al., 2014; 

Malmqvist et al., 2018). Assisted migration of temperate tree species is intended to improve 

success and productivity with changing climate but may create additional risks of cold damage 

both during seedling production and after outplanting as less cold hardy populations shift north 

or up elevation.  

Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco) cold hardiness during deacclimation 

is highly correlated with the timing of spring bud burst (Aitken & Adams, 1997), and several 

functions have been proposed to model cold hardiness (Greer et al., 2001; Leinonen, 1996; 

Leinonen et al., 1995; Timmis et al., 1994) and bud burst (Hänninen & Kramer, 2007; Harrington 

et al., 2010; Harrington & Gould, 2015). Many of the models developed for conifer cold 

hardiness were based on controlled environment data without natural system verification 



(Leinonen et al., 1995; G. Zhang et al., 2003). Refinement and utilization of these functions into 

a cohesive model for both cold hardiness and bud burst would provide a better framework for 

understanding the impact of climate change on phenology for the productive forests found in the 

Pacific Northwest. Model based understanding of dormancy phenology, including cold 

hardiness, can be a tool for regeneration decision making and to analyze the potential impacts of 

climate change these processes.  

Douglas-fir provides an ideal model species for Pacific Northwest conifers because it is a 

dominant forest species in natural and managed forest systems, has a broad range, has been used 

for assisted migration trials, has high economic and social value, and is a species that has a depth 

of historical research (Bansal et al., 2015; Boiffin et al., 2017; Wisniewski et al., 2018). Across 

the range of Douglas-fir, some populations are at increased risk of early deacclimation and frost 

exposure, and at risk of delayed growth, reducing total growth during months with greater soil 

moisture availability and lower vapor pressure deficit, though this is regionally specific (Ford et 

al., 2016). Forest management practices may contribute to this risk by reduced biodiversity of 

artificial regeneration, species exclusion, monoculture, and seed source selection, vegetation 

management, and reduced canopy cover during seedling establishment which can contribute to 

lower temperatures at the groundline (Krasowski & Simpson, 2001; Pawson et al., 2013). Post 

wildfire regeneration can also provide challenges to regeneration success and seedling survival, 

with heightened risks due to topography driven microclimates and environmental extremes 

which may include cold related damage (Krasowski & Simpson, 2001; Marsh et al., 2022).  

In broad terms, this work aims to fill a gap in cold hardiness modeling by applying and 

testing a model of cold hardiness in Douglas-fir using diverse data collected in situ throughout 

the full dormancy season. This is a novel approach because previous phenological modeling of 



Douglas-fir has been tested primarily on controlled environment data, individual trials have had 

limited range in terms of genetics, there has been little to no temporal and spatial replication in 

previous model testing, or observations have not included the full season of cold hardiness 

phenology with a greater availability of cold hardiness acclimation data than deacclimation data. 

The intent of this approach is to derive a model that can be applied to the full dormancy season 

by practitioners and can also be used for in silico simulations of phenological changes under 

future climate scenarios RCMP 4 and RCMP 8.5 (Allan et al., 2021).   

The relevance of this work in an applied context can clearly be demonstrated by the 

recent passing of the REPLANT act by the United States federal legislature. This act will invest 

$123 million per year over the next 10 years into artificial regeneration of 1.2 billion trees on 

degraded federal forest lands (Stabenow, 2021). Two outcomes of this increased demand in 

seedlings may enhance the necessity of understanding seedling cold hardiness. First is greater 

planting volume in a biologically limited window, which  may result in planting outside of 

optimal conditions, including increased fall planting which can have greater risk of cold damage 

in nursery cultivated seedlings if they have not received adequate hardening (Grossnickle & 

MacDonald, 2021). Second is production of seedlings geographically and climatically distant 

from the seed source origin. This issue is already observed within the current seedling demand 

(Fargione et al., 2021). Both scenarios run increased risk of issues relating to cold hardiness and 

dormancy phenology. 

From a modeling perspective, the timing of this work is also relevant. Changes in bud 

burst phenology due to anthropogenic climate change has been observable for several decades, 

but in recent years advancement has slowed due to reduced chilling (Ettinger et al., 2020). 

Additionally, fire exclusion management practices on North American forested land of the past 



two centuries has resulted in increased fire severity. As a result, we are seeing an increase in 

regeneration, both artificial and natural, on exposed sites (Marsh et al., 2022). Understanding all 

risk to regeneration success in real time and future risks is critical to decision making around 

seed source selection, especially in cases of assisted migration, and prioritization of management 

intervention. Development and testing of a universal process-based cold hardiness model will 

create a tool applicable to both current and future climates.    

The specific aim of this project is to calibrate and test a process-based model of cold 

hardiness for conifers, using data collected from historical literature, to determine the efficacy of 

phenological modeling of cold hardiness in a model species, Douglas-fir. This model can provide 

a template for further development of a unified cold hardiness and bud burst phenology model 

for conifers and show that a model of cold hardiness that uses temperature as the only predictor, 

can simulate Douglas-fir cold hardiness. Applying this model to data clustered by seed source 

origin, or cultivation site, can reveal whether genetic traits related to seed source or 

phenotypically plastic traits driven by site acclimation provide better predictions of cold 

hardiness phenology. Testing data clustered by seed source or growing site characteristics can 

increase the size of the modeling data set while also revealing whether clustering by these 

characteristics will improve model performance. Determining the model sensitivity to the 

chilling and forcing temperature parameters can identify uncertainty in cold-hardiness prediction. 

The predictive capability of the cold hardiness model will improve when data are clustered into 

more similar groups. Inferences made by model performance in these aspects can be used to 

determine sources of uncertainty in phenological development under warming climate 

conditions, and predict risks associated with ongoing and future changes in cold hardiness 

phenology.   



Figure 1. Cold hardiness data compiled from multiple sources (x-axis). Y-axis shows date depicted as days from January first, to 

allow plotting of many years. Point shape indicates latitude of observation growing locations. Negative slope on the left shows the 

acclimation phase and positive slope on the right shows the deacclimation phase of cold hardiness phenology.  

 



Materials and Methods 

Cold Hardiness Data Collection and Clustering 

 

Cold hardiness observational data were collected from published articles, and publicly 

available thesis reports. In total, twenty-one potential sources were identified for data extraction 

(Supplementary Table S1). Of the these, data were extracted from five sources  (Fisker, 1992; 

Haase et al., 2016; Leinonen et al., 1995; Stevenson et al., 1999; Timmis et al., 1994), based on 

replicated cold hardiness testing dates and populations, utilization of standard units for cold 

hardiness, and data availability within published works (Table 1). Several papers only tested cold 

hardiness on limited dates and were not ideal for full season model calibration. Some papers 

reported cold hardiness as damage, or in raw terms of chlorophyll fluorescence and could not be 

conformed to the phenology model based on an extrapolated metric, lethal temperature of 50% 

of samples (LT50). The total number of cold hardiness observations compiled was 150 (Fig. 1).  

Cold hardiness observations were extracted from data tables or figures. Data extraction from 

figures was performed with the ImageJ (Schneider et al., 2012) ‘Figure Calibration’ plugin 

(Miller, 2011). Compiled data from four of the sources includes eleven distinct seed sources 

cultivated at one of six sites representing populations from the west of the Cascades between 43° 

and 51°N (Table 1, Fig. 2). One source utilized an interior seed source from New Mexico which 

was tested under controlled environments (Leinonen et al., 1995) and was excluded for being 

dissimilar to other data sources. Of the remaining four sources, three sampled second year 

seedlings that were cultivated at nurseries. The other data source sampled seedlings outplanted in 

a realized gain trial. These seedlings were cultivated in containers for one year and outplanted 

three years before sampling occurred (Stevenson et al., 1999). In all sources cold hardiness was 

determined using artificial freeze tests and calculation of the LT50. The method of assessing  



Table 1. List of data sources that cold hardiness data used for modeling were extracted from.  For Fisker (1993) each seed source was cultivated at 

both growing sites for a single season. For Timmis et al. (1994) two seed sources were cultivated at one site over four seasons, three seasons of 

data were used. For Haase et al. (2016) each seed source was site specific, two seed sources were cultivated per site. For Stevenson et al. (1999) 

one population with three orchard production methods was grown in the field for three seasons prior to testing and the data used for modeling 

encompasses different seed production methods. See supplemental table S1 for complete list of sources reviewed for data availability. 

Data Source Growing 

Site 

Latitude 

(°N) 

Growing 

Site 

Longitude 

(°W) 

Seed 

Source 

Latitude 

(°N) 

Seed 

Source 

Longitude 

(°W) 

Seed 

Source 

Elevation 

(feet) 

Number 

of Data 

Points 

Fisker, Sue. (1993). Chlorophyll fluorescence as a measure of cold 

hardiness and freezing stress in 1 + 1 Douglas-fir seedlings: response 

to seasonal changes in the nursery [Master’s Thesis, Oregon State 

University]. ScholarsArchive@OSU.* 

46.95 -122.95 46.75 -123.33 1500 28 

45.23 -122.76 43.33 -124.31 50 

Timmis, R., Flewelling, J., & Talbert, C. (1994). Frost injury 

prediction model for Douglas-fir seedlings in the Pacific Northwest. 

Tree Physiology, 14(7-8–9), 855–869.  

46.87 -123.08 46.11 -122.54 2070 53 

46.93 -123.81 315 

Haase, D. L., Khadduri, N., Mason, E., & Dumroese, R. K. (2016). 

Relationships among chilling hours, photoperiod, calendar date, cold 

hardiness, seed source, and storage of Douglas-fir seedlings. Tree 

Planters’ Notes, 59(1), 12. 

46.95 -122.95 46.79 -120.72 3500 30 

45.77 -122.40 1000 

45.83 -122.74 45.23 -122.16 2200 

45.55 -123.85 1000 

45.93 -122.64 44.05 -122.74 2000 

44.01 -122.98 500 

Stevenson, J. F., Hawkins, B. J., & Woods, J. H. (1999). Spring and 

Fall Cold Hardiness in Wild and Selected Seed Sources of Coastal 

Douglas-fir. Silvae Genetica, 48(1), 29-34. 

48.75 -123.68 49.49 -123.81 350 12 

*1+1 seedling refers to the production method.  



sample damage to determine LT50 varied between sources including visual assessment, and 

chlorophyll fluorescence. LT50 is calculated by scoring damage of subsamples after exposure to 

multiple freezing temperatures and estimating the 50th percentile by fitting damage score results 

(Anekonda et al., 2000). The method for fitting damage score results can vary between 

publications.  

Model calibration, to select optimized parameters, is ideally performed using three years 

of replicated data for each population (Ferguson et al., 2011, 2014), before any data are tested. 

With the historical data compiled for this project, that was not possible since seed source 

replication was limited. To overcome this limitation, data sets were aggregated to increase the 

total number of data points for model calibration and reduced the total number of calibrations 

and resulting parameter sets. The number of clusters per aggregation scenario was limited to two, 

to maintain data set size and reduce number of model calibrations. Three separate approaches 

were tested for data aggregation.  

 

1. All data sets were combined into a single set. The geographic range of seed sources 

included in this data set stretched from 43° to 51°N and from elevations from 15 to over 

1000 meters. In addition to the geographic data, twenty-five climate normal factors from 

each seed source origin site were compiled from ClimateNA (T. Wang et al., 2016). 

Literature shows that there are differences in cold hardiness response based on seed 

source origin (Aitken et al., 1996; Aitken & Adams, 1997; Bansal et al., 2015; St. Clair, 

2006), suggesting this is a coarse approach for aggregation since different populations 

tested at the same time and location are not differentiated.  



2. Data sets were aggregated by bioclimatic factors from the origin of seed sources into two 

data sets. For each seed source origin site, the location, elevation, and twenty-five climate 

factors were used in a cluster analysis in R (R Core Team, 2022). All variables were 

scaled to standardize them. Clusters were made by reducing the sum of squares within 

groups using the kmeans function and the Hartigan and Wong algorithm (Hartigan & 

Wong, 1979). Creating two clusters reduced within group sum of squares from 280 to 147 

(Fig. 2). Of the two clusters formed, one included four seed sources, all from an elevation 

of 450 meters or above, and the second included seven seed sources, six of which were 

from elevations of 300 meters or below. Though the groups were not completely split by 

elevation, it appears to be an important factor in clustering the data.   

Figure 2. Effect of number of data clusters based on seed source climate factors on sum of 

squares within each cluster. Two clusters were formed for the seed source clustering scenario. 

The largest decrease in sum of squares was between 1 cluster (all data combined) and two 

clusters. Though decrease continued with more clusters, two clusters were used to maintain 

adequate dataset size.  



Figure 3. A map representing the cold hardiness data sources. Pins show seed source 

approximate origin, with size indicating elevation. Stars show site of cultivation. Seed sources 

include populations from southern British Columbia to southern Oregon and from 15 to 1000 

m elevation. Sites range from southern British Columbia to central Oregon. 



3. Data sets were split into two groups based on cultivation site location. These two groups 

were determined based on a latitudinal split at 46°N. This arbitrary line was drawn to 

create two groups will an equal number of sites. This differentiation is driven by 

modeling logistics rather than specific site weather or other biologically relevant features. 

The two groups consisted of the northern group, including sites near Olympia, WA and on 

Vancouver Island, and a southern group, including sites in Southern Washington and 

Oregon (Fig. 3).  

Environmental Data Collection  

Temperature data for United States sites were acquired from climate data online (CDO) 

hosted by the National Oceanic and Atmospheric Administration (NOAA) (NOAA, 2022). This 

service allows weather station searches by state, county, city, or zip code, among other search 

options. For each cultivation site and year in cold hardiness test data, daily temperature minimum 

and maximum were downloaded from CDO. Weather stations closest to the site with complete 

daily time series data were used. This excludes one source (Haase et al., 2016), for which daily 

temperature data were provided by the author, except for the data October 1st through 12th and 

May 1st, for which weather data was collected from CDO. For two cultivation sites, the 

Washington State Department of Natural Resources’ Webster Forest Nursery, and 

Weyerhaeuser’s Mima Nursery, the closest publicly available weather station was Olympia 

Airport, station ID USW00024227. There were two additional sites in Washington that the 

authors provided most weather data for, except for the few dates mentioned above. The gaps in 

these data sets were filled in with data from the Longview, WA weather station, USC00454769. 

For the Aurora, OR nursery site, weather data from the Silverton, OR station, USC00357823, 

were used. Additionally, there was one field site at Holt Creek, on Vancouver Island, British 

Columbia. The government of Canada hosts historical climate records online (Canada, 2011), 



and the Duncan Glenora weather station ID 1022571 was used to extract climate data for this 

data set.  

For each seed source, elevation was determined based on the coordinates of the collection 

site. Elevation was determined using the USGS’s national map online app (USGS, 2022). 

Similarly, photoperiod data for each cultivation site was determined using geographic 

coordinates and the photoperiod function in the meteor package in R (R Core Team, 2022). 

Across the sites the photoperiod only varied by approximately 0.5 hours or less per day, at the 

date when photoperiod was most disparate.  

In addition to the clustering scenarios, a single data source with repetition over time was 

modeled. The cold hardiness model has previously been parameterized using a minimum of three 

years of data for a single grape cultivar collected from a single location (Ferguson et al., 2011, 

2014). In the case of wild type conifers, the closest analog to cultivar is seed source or 

population. None of the data sets extracted here provide three years of training data for a single 

seed source. However, Timmis et al. (1994) tested two seed sources for three full seasons. The 

Timmis data were modeled independently to provide a more uniform comparison to the 

clustering scenarios using the compiled data set from multiple sources. A random 70% of the 

Timmis data were used to train the cold hardiness model. 

Model Description 

The model used in this project was adapted from a grape cold hardiness extension testing 

program (Ferguson et al., 2011, 2014). This model was selected because it is used for real time 

predictions of cold hardiness for dozens of different grape cultivars, and inputs are limited to 

daily minimum and maximum temperature. Though there are numerous differences between 

grapes and conifers, this model has several benefits including utilizing inputs of daily average 



temperature for cold hardiness prediction, testing with many years of climate data from a broad 

geographic range, biological interpretable parameters, inclusion of chilling and forcing 

temperature accumulation requirements, and parameters specific to the acclimation and 

deacclimation periods of cold hardiness phenology. These aspects of this model make it a 

desirable candidate to be used for operational decisions as daily summary temperature data that 

is available for many areas through public weather resources such as AgWeatherNet (WSU, 

2022), NOAA (NOAA, 2022), and the Government of Canada (Canada, 2011). The drawbacks of 

this model are that it does not include photoperiod, which has been shown to impact cold 

hardiness acclimation in conifers (Leinonen et al., 1995; G. Zhang et al., 2003), and it uses a 

linear degree day function to determine chilling and forcing temperature exposure, which is less 

optimum than other temperature response functions proposed for conifer phenology in the 

literature (Harrington et al., 2010; Harrington & Gould, 2015). Though photoperiod is not 

included, effectively modeling cold hardiness without this value would be more parsimonious 

than other potential models. Differences in photoperiod are limited across the geographic range 

of Douglas-fir and within the season of cold hardiness phenology. Advantages to including 

photoperiod as a model predictor have only been shown for controlled environment growing 

conditions with daylength differences larger than those seen across temporal and spatial range 

used here (Greer et al., 2001; Leinonen et al., 1995).  

 

 

 



Below are the equations used in the cold hardiness model adapted from grape (Ferguson 

et al., 2011, 2014). Average daily temperature is determined by the model inputs Tmax and Tmin 

(Eq. 1). 

 
Tmean =

(Tmax + Tmin)

2
   

( 1) 

Degree days for chilling (Eq. 2) or forcing (Eq. 3) are determined for each time step by 

the difference between the average daily temperature and the temperature threshold for 

acclimation or deacclimation. Chilling is accumulated only when DDc is less than 0 and forcing 

accumulates only when DDf is greater than 0.  

 DDc =  Tmean − Tth,a ( 2) 

 DDf =  Tmean −  Tth,d ( 3) 

A logistic equation for either the acclimation (Eq. 6) or deacclimation phase (Eq. 7) is 

multiplied by the associated degree days (DDc or DDf) and a rate constant (ka or kd) to calculate 

the daily change in cold hardiness (Δ Hc) (Eq. 6&7). 

 
clog,a =

Hc,min − Hc,i−1

Hc,min − Hc,max
 

(4) 

 
 

 
clog,d =

Hc,i−1−Hc,max

Hc,min − Hc,max
 

(5) 

 ∆Hc = (DDc ∗  ka ∗ clog,a) (6) 

 ∆Hc = (DDf ∗  kd ∗ clog,d) (7) 

Daily cold hardiness (Hc,i) is calculated by adding the daily change in cold hardiness (Δ 

Hc) to the previous cold hardiness value (Hc,i-1).  

 Hc,i = Hc,i−1 + ∆Hc (8) 



Table 2. Parameter and variable definitions and symbols for the cold hardiness model. Adapted 

from Ferguson et al., 2011 and 2014. Use of each line item is demonstrated in equations 1 

through 8.  

Symbol Description Units 

Tmax Maximum Daily Temperature °C 

Tmin Minimum Daily Temperature °C 

Tmean Mean Daily Temperature °C 

DDc Chilling Degree-Days °C 

DDf Forcing Degree-Days °C 

Hc Cold Hardiness °C 

Hc,min Minimum Cold Hardiness Value °C 

Hc,max Maximum Cold Hardiness Value °C 

Hc,0 Initial Cold Hardiness Value °C 

Tth,a Threshold Temperature of Acclimation °C 

Tth,d Threshold Temperature of Deacclimation °C 

ka Acclimation Rate No Unit 

kd Deacclimation Rate No Unit 

Rf Forcing Requirement °C 

Rc Chilling Requirement °C 

 

Table 2 shows the description of each parameter used in the model. Most parameters have 

a directly interpretable biological meaning. The rate constants ka and kd control the shape of the 

acclimation and deacclimation curves respectively. Cold hardiness, in units of LT50 °C, is 

represented as Hc and the starting value for each time step is Hc,i. Hc,min and Hc,max limit the range 

of cold hardiness values that can be predicted by the model. Chilling and forcing accumulate 

beyond temperature thresholds, Tth,a and Tth,d, which temperature must be below or above, 

respectively. Required chilling and forcing accumulation necessary to transition from 

acclimation to deacclimation and from deacclimation to dormancy release are represented by Rc 

and Rf. Average daily temperature (Tmean) is calculated from the minimum and maximum daily 

temperatures (Tmin and Tmax). Daily average temperature is used to calculate degree days for 

chilling and forcing (DDc and DDf) based on the respective temperature thresholds (Tth,a and 

Tth,d). 



Model Calibration and Testing 

Modeling was performed with the Cropbox framework, a declarative modeling 

framework (Yun & Kim, 2022). Cropbox is a framework developed for the Julia programming 

language that allows for the implementation of crop models, as well as model calibration, 

evaluation, and visualization. For this project Cropbox was used in a Julia (Bezanson et al., 

2017) Jupyter notebook.  

The cold hardiness model for each of the three data aggregation scenarios was trained 

with a randomly selected 70% of all data points and tested with the remaining 30%. These data 

points varied in site, seed source, and year of testing, and were selected randomly in R (R Core 

Team, 2022). The total number of data points was 123 and the size of the 30% testing data 

subsets ranged from 34 to 37 depending on the scenario and varying due to how data were subset 

into clusters (Table 1 & 5). 

The separation of data into testing and training subsets limited the amount of data clusters 

per scenario to two. Limiting the number of clusters to two allowed each cluster to retain ample 

enough data points for training and testing. For each training data set optimal parameter sets 

were selected for the cold hardiness model using the calibrate function in the Cropbox 

framework (Yun & Kim, 2022). This model calibration method determines the best fit parameters 

using a global optimization method that is restricted to user defined parameter ranges (Table 3). 

The calibration was performed with up to five-thousand steps to determine the best fit parameters 

to model the training data set. Estimated parameter ranges based on biological assumption were 

input to enhance the calibration process (Table 3).  

All model iterations were run starting on October 1st and ending on May 1st of the 

following year. The calibrated model was then tested with the remaining 30% test data associated 

with the training dataset to determine model performance. Predicted cold hardiness values for 



each time and temperature series were extracted and compared to observed values from the test 

data set using the HydroGOF package in R (R Core Team, 2022). The HydroGOF package 

provides several goodness of fit (gof) calculations and visualization functions. The gof function 

was used to generate a list of model fit metrics to compare between aggregated data sets.  

Sensitivity Analysis 

A sensitivity analysis was performed by varying each parameter independently of other 

parameters. Parameters were adjusted within a biological plausible range. The sensitivity 

analysis was performed on the model of all data to include the most data points in this analysis.  

Each parameter was adjusted by a percentage of the best fit value determined during model 

calibration and other parameters were fixed to the best fit value (Table 4). Adjustments were plus 

and minus 10, 30, and 50 percent. For negative parameter values, Rc, Hc,min, Hc,max and Hc,0, the 

plus percentages were negative so that absolute value increased in the plus adjustments, and 

absolute value decreased in the minus adjustments. Results of the sensitivity analysis were 

summarized by comparing residuals from each parameter set.  Mean absolute error was used to 

compare sensitivity of model results over datasets and dates. 

Cross Validation 

Due to the limitation of data set size, a modified 19-fold cross validation was performed 

to examine model bias and variance. A k-fold cross validation separates a dataset into k number 

of folds, and reruns model training and testing for each fold, where training excludes one fold 

used for testing in each iteration (Roberts et al., 2017). In this cross validation each subset of data 

for a single seed source, growing site, and observation date range was divided into a fold. In a 

traditional k-fold cross validation the n of each fold is equal, in this modified version n varied 

from 4 to 13 with a median of 7 and a standard deviation of 2.2.  This created training data sets 

ranging from 89% to 97% of total datapoints. This modification was made to avoid creating folds 



that were not representative of the complete time series of cold hardiness phenology. As an added 

benefit, each fold represented a distinct subset of data, so that model predictions could be tested 

for each of the folds and model fit for each data subset could be visualized. Cross validation was 

performed manually following the same modeling methods described previously.  

Results 

Data Clustering 

The model output included estimated values for each parameter based on the best fit 

during calibration. These parameter estimates for each of the data scenarios can be seen in Table 

4. Parameter values were limited in the calibration process to the ranges listed in Table 3. Though 

the limit for Tth,a was set to a minimum of zero and a maximum of 10, all 5 scenarios modeled 

returned parameter estimates for Tth,a between 9.4 and 10.0 °C. Another parameter that performed 

similarly across scenarios was the rate constant during acclimation, ka, which ranged between 

0.10 and 0.16. Other parameters had a more disparate range of estimations between scenarios. 

Hc,max, which represents the least cold hardy temperature since all Hc values are negative, had a 

range of -0.8 to -4.6. Previous work shows Douglas-fir maintains a low level of cold hardiness 

around -5 °C (Leinonen et al., 1995), so Hc,max values may be overestimated. 

To compare model performance, summary statistics for goodness of fit were calculated 

from the test data subsets (Table 5). The no clusters scenario included calibrating all compiled 

cold hardiness data as a single data set. The two additional scenarios included separate 

calibrations for two subsets of data. The seed source cluster scenario grouped data into clusters 

based on the similarity between twenty-five bioclimatic factors related to the seed source 

provenance, and geographic location. An alternate scenario, the growing site cluster, grouped 

data into two clusters based on geographic location of the growing site with the two subsets 



divided at 46°N. These scenarios calibrated the cold hardiness model for two subsets of the full 

data set. The best model fit was achieved in the seed source cluster scenario based on goodness 

of fit metrics and model residuals (Fig. 4 & 5). Several statistics comparing the goodness of fit 

for all scenarios are listed in Table 5. Mean absolute error (MAE) and root mean square error 

(RMSE) for the seed source cluster scenario show reduced error and therefore improved fit when 

compared to the full data set or the growing site scenarios. Model efficiency (NSE) had the best 

results for all the seed source clustering scenarios, individual clusters and combined. The index 

of agreement (d), where one would be a perfect match between the observed and simulated 

values, also supports the seed source clustering showing improved values compared to the other 

two scenarios. The better fit of the seed source scenario is further supported by Pearson’s 

correlation coefficient (r), and the coefficient of determination (R2), which both show higher 

values for this scenario when compared to the other scenarios. The mean error (ME) and percent  

 

 

Table 3: Parameter limits for model calibration. Parameter calibration took place within the 

limits listed in this table.  

 

Parameter Lower Limit Upper Limit Unit 

Hc,min -40 -15 °C 

Hc,max -5 0 °C 

Hc,0 -7 0 °C 

Tth,a 0 10 °C 

Tth,d 0 15 °C 

ka 0 1 No unit 

kd 0 1 No unit 

Rf 100 500 Degree Days 

Rc -500 -100 Degree Days 



Table 4: Parameter estimates for each data scenario modeled for cold hardiness. Parameter 

definitions are listed in Table 1. *Chilling degree days are given in negative values. For the 

site and seed source clustering scenarios there is one set of parameters for each cluster, two 

per scenario. Parameter definitions are listed in table 2.  

Parameter No 

Clusters 

(All Data) 

Sites 

North of 

46°N 

Sites 

South of 

46°N 

Seed 

Source 

Cluster 1 

Seed 

Source 

Cluster 2 

Units 

Tth,a 10.0 9.9 9.9 9.4 9.9 °C 

Tth,d 7.4 4.3 9.2 7.9 8.6 °C 

Rc -396.5 -474.8 -363.2 -291.6 -349.0 Degree 

Days* 

Rf 277.8 104.5 437.0 265.5 290.5 Degree 

Days 

Hc,min -23.6 -28.6 -18.0 -26.7 -30.6 °C 

Hc,max -3.5 -4.6 -0.8 -1.3 -3.4 °C 

Hc,0 -4.7 -6.4 -3.2 -6.9 -5.0 °C 

ka 0.10 0.11 0.16 0.16 0.10 No unit 

kd 0.35 0.14 0.51 0.35 0.66 No unit 

 

Table 5: Summary statistics for goodness of fit for all scenarios tested. Statistics were 

calculated based on model residuals. The first three columns represent different scenarios for 

the full set of compiled data. The last four columns show results for each cluster in the two 

grouped data scenarios. ME is mean error; MAE mean absolute error; MSE is mean squared 

error; RMSE is root mean square error; d is index of agreement; r is Pearson’s correlation 

coefficient; R2 is the coefficient of determination; PBIAS is the percent bias; and n is the 

number of data points in each scenario represented by the column headers.  

  No 

Clusters 

(All Data 

Combined) 

Seed 

Source 

Cluster 

Combined 

Growing 

Site 

Clusters 

Combined 

Seed 

Source 

Cluster 1 

Seed 

Source 

Cluster 2 

Growing 

Site North 

of 46°N 

Growing 

Site South 

of 46°N 

ME -1.82 -0.21 0.62 0.8 -0.63 0.33 1.33 

MAE 3.33 2.87 3.72 2 3.23 4.39 2.12 

MSE 18 14.79 25.5 5.19 18.76 33.46 6.42 

RMSE 4.24 3.85 5.05 2.28 4.33 5.78 2.53 

NSE 0.29 0.72 0.42 0.86 0.64 0.11 0.79 

d 0.86 0.92 0.84 0.95 0.9 0.74 0.94 

r 0.81 0.85 0.7 0.95 0.81 0.52 0.92 

R2 0.65 0.72 0.5 0.91 0.66 0.27 0.85 

PBIAS  13.4 1.4 -3.8 -4.3 4.5 -1.8 -11 

n 36 37 34 8 29 24 10 



 

Figure 4. Histogram of residuals by scenario showing the frequency for residual values (bin=1). Dark grey color represents Seed 

Source Cluster 2 and Growing Sites South of 46°N. Light grey color represents all data in the no clustering scenario, as well as 

Seed Source Cluster 1 and Growing Sites North of 46°N. The northern site cluster shows greater spread in residuals compared to 

the southern cluster. 



bias (PBIAS) show that there is model overestimation bias in the single parameter set model, but 

in the two clustering scenarios there is little or no bias in the residuals. There was some 

improvement in MAE and RMSE in the growing site cluster combined data set, the cluster 

containing sites north of 46°N performed less well when compared to the no clustering scenario 

(Table 5). In both clustering scenarios, the residuals from the larger cluster have a greater spread, 

and thus a worse fit, compared to the smaller cluster within the same scenario (Fig. 4).  

  In addition to the clustering scenario comparison, model results from the Timmis et al. 

(1994) data set were analyzed. This data set represents only a subset of the compiled data used in 

the clustering scenarios and is limited to a single cultivation site and two seed sources. The 

Timmis et al. (1994) data are unique compared to other data sources because the same seed 

sources and growing site were replicated over several years. The goodness of fit statistics for this 

subset of data are listed in Table 6. Compared to all clustering scenarios for the full data set, seed 

source clustering, cultivation site clustering, and no clustering, the Timmis data subset showed 

improvement in most goodness of fit metrics. Statistics that are sensitive to bias, such as mean 

error (ME) and percent bias (PBIAS), had similar results for the two clustering scenarios 

compared to the Timmis data subset. However, the full data set parameterization showed -20% 

bias when looking only at the Timmis data, a much greater degree of bias than all other 

scenarios. This bias can be visualized in Figure 5, which shows the relationship between 

observed and predicted cold hardiness values. In the no cluster scenario, the data points from the 

Timmis subset display this bias by primarily falling above the 1:1 line, which represents a perfect 

fit, showing the bias.  



Figure 5. Relationship between observed and predicted cold hardiness values for each model scenario. Colors and symbol shapes 

indicate the publication data were derived from. Gray lines show a 1:1 relationship between observations and predictions. Wider 

spread of points indicates greater error. Uneven distribution of points to either side of the line indicates bias. Only datapoints from 

the testing subset are shown (30% of all datapoints).  



  

Table 6. Summary statistics for goodness of fit all model scenarios for only the Timmis et 

al. (1994) subset. Each column shows the results for only the testing data from this subset, 

but using the models calibrated for each scenario. The Timmis calibration was performed 

for both seed sources included in the data from this source. See Table 4 for statistic 

abbreviation definitions. 
 
 Timmis et al. 

(1994) 

No Clusters Seed Source Clusters 

Combined 

Growing Site 

Clusters Combined 

ME 1.0 3.7 0.77 -0.42 

MAE 2.0 4.73 2.54 2.66 

MSE 5.5 25.55 12.04 14.7 

RMSE 2.35 5.05 3.47 3.83 

NSE 0.8 0.31 0.77 0.66 

d 0.95 0.78 0.93 0.89 

r 0.92 0.84 0.89 0.81 

R2 0.85 0.71 0.79 0.66 

PBIAS -4.7 -20 -4.2 2.4 

n 16 14 17 15 



Figure 6. Model fits for the Timmis et al. (1994) data subset for all model parameterization scenarios. Colors indicate seed source 

and point shape indicates whether observations were used for model testing or trainings. Lines show model predictions. For 

scenarios that models did not account for seed source the depicted line was the predicted cold hardiness for both seed sources. The 

model calibration with Timmis data shows the best fit, and the no cluster scenario shows the worst fit, and frequent overestimation.  



For the Timmis data subset the no clusters scenario had larger error (MAE) and 

performed worse than the seed source cluster scenario or the Timmis data model 

parameterization. There was approximately a 45% decrease in MAE (Table 6) for both clustering 

scenarios when compared to the no cluster scenario.  

Figure 6 shows the model fit for the Timmis et al. data subset for each model 

parameterization scenario. For the no clustering and site cluster 1 scenarios only one prediction 

was produced per site and year, since there was only one temperature data set. The Timmis et al. 

observations represent two seed sources observed at one site over several years and the seed 

source clustering and Timmes et al. model fit scenarios have predictions for the individual seed 

sources. It is apparent that the no clustering scenario did not achieve a low enough minimum 

cold hardiness value, which explains the high level of bias observed (Table 6). All 3 scenarios 

that used multiple data source for calibration fit the deacclimation curve of the Timmis data  

Table 7. Parameter value comparison for deacclimation response parameters for 

each scenario compared to the Timmis et al. (1994) data set in figure 6. The 

calibrations with Timmis data for high and low seed sources have much lower 

threshold temperature ( Tth,d) for deacclimation, allowing deacclimation to occur 

at a greater temperature range.  

Scenario Rc Tth,d kd 

No Clustering -396.5 7.4 0.35 

Seed Source Cluster 1 -291.6 7.9 0.35 

Seed Source Cluster 2 -349 8.6 0.66 

Site Cluster 1 -474.8 4.3 0.14 

Timmis et al. high -337.7 0.069 0.095 

Timmis et al. low -394.3 1.3 0.12 



 

Figure 7. Daily average temperature from Timmis et al. (1994) data for each season modeled. Grey box indicates year of dormancy onset. 

Lower late winter and spring temperatures can be observed in the dormancy season starting in 1974. 



poorly for the 1974 samples. When the model was calibrated with only the Timmis data the fit of 

this section of the curve improved noticeably. This issue is not observed in deacclimation curves 

from the following seasons. One likely cause for this effect in the different model scenarios is the 

low temperature for the Tth,d, which the threshold that controls which temperatures will count 

towards the progression of deacclimation. In the model trained with only a subset of the Timmis 

data set the value of Tth,d is lower than any other scenarios (Table 7), which will allow 

deacclimation to progress over a greater temperature range. This becomes most obvious in the 

poor fit of the deacclimation curve by other model scenarios in the dormancy season starting in 

1974. In early 1975 average daily temperature remained low as compared to the late winter and 

spring of the other years represented in the Timmis data (Fig. 7), which is a likely driver in the 

low value of Tth,d. This example demonstrates the importance of replication for model parameter 

estimation.   

Sensitivity Analysis 

A parameter sensitivity analysis was performed for the model fit to all data (Fig. 8). This 

is comparable to the no clustering scenario, which had the greatest model error, and the most 

data points. Parameter sensitivity was ranked based on comparisons between model residuals for 

each parameter set. Some parameters had little to no impact on model mean absolute error 

(MAE), demonstrating low sensitivity. These parameters include required forcing (Rf), 

deacclimation rate (kd), initial cold hardiness temperature (Hc,0), and maximum temperature of 

cold hardiness (Hc,max). These parameters showed very little change in  mean and median 

absolute error and very little increase in spread in absolute residual distribution. Rf and kd are 

features of the deacclimation portion of the cold hardiness curve. Rf has no impact on model 

performance, as the model is currently limited to specific calendar dates, not dormancy release. 



Figure 8. Absolute residuals from parameter sensitivity analysis for each parameter in the cold hardiness model. Boxes indicate the 

two middle quartiles of absolute residuals for each adjustment, and whiskers show the two outer quartiles. Total size of box and 

whiskers for each adjustment shows residual spread. Crosses show mean absolute error and black solid lines show median absolute 

error. Dashed red lines show mean absolute error from the best fit parameters in table 3.  



However, kd may impact the curve shape during deacclimation. In equation 8, kd is multiplied by 

the degree days for forcing and the deacclimation logistic equation to determine the daily 

incremental change in cold hardiness during deacclimation. Hc,0 and Hc,max are parameters that 

may be fixed based on their low sensitivity and small range of biologically viable values. 

Notably Hc,0 and Hc,max are negative parameters, so adjustments made were based on absolute 

value, not sign.  

Parameters with moderate sensitivity include acclimation rate (ka), and chilling required 

(Rc). These two parameters showed changes in the distribution of residuals for some parameter  

adjustments, and small or no changes in the mean and median of the absolute residuals. For both 

ka and Rc residual spread increased when they were reduced in absolute value in the minus 

percentage adjustments. Rc only showed a change in the most extreme increase in absolute value, 

and ka did not have increased error when increased. This suggests that these parameters, which 

both relate to the acclimation portion of the cold hardiness curve, have a range of higher values 

that perform similarly. Similar to kd, ka may impact the shape of the cold hardiness curve but 

during the acclimation period. However, ka had a small range of values (0.10 to 0.16) in models 

for the different scenarios. Reducing ka by 30 and 50 percent showed an increase in MAE and 

increased the spread of residuals. The low and moderate sensitivity of these shape parameters, ka 

and kd, is a beneficial outcome in terms of model interpretation because these parameters are the 

least directly explained biologically. Additionally, the small spread and biased sensitivity of ka 

demonstrates a minimum value for this parameter in the model and provides justification for 

reducing range of this parameter during calibration or fixing the parameter or narrowing in on a 

fixed value with additional testing.  



Three parameters that show high sensitivity: the minimum cold hardiness temperature 

(Hc,min), and the two temperature threshold parameters for degree day accumulation, (Tth,a and 

Tth,d). Of these, the Hc,min and Tth,d sensitivities are largely skewed to the parameter adjustments 

that decreased absolute parameter value. Increasing absolute value of these parameters did not 

show high sensitivity. The increased error at -10, -30, and -50 percent adjustment suggest that 

these adjusted values did not achieve a low enough temperature for peak cold hardiness, 

overestimating the maximum cold hardiness had little negative impact on model results, and 

lower values for Hc,min actually showed slight improvement in MAE, but greater residual spread. 

Tth,a shows increased mean absolute error and residual spread at all adjusted parameter values 

except for increasing Tth,a by 10 percent. The sensitivity of Tth,a highlights the importance of 

quantifying plant temperature response in phenology modeling. In this case there is a very 

limited range of values that perform well for Tth,a as shown in the sensitivity analysis and in this 

parameter value across model scenarios (Table 4). Chilling degree day threshold (Tth,a) for 

Douglas-fir may also be a fixed parameter value of 10°C when chilling degree days (DDc) are 

calculated using daily average temperature as depicted in equation 2. 

Cross Validation 

Results of the 19-fold cross validation demonstrate model bias and variance. With a 19-

fold cross validation both bias and variance can be assessed moderately. In general, the more 

folds in an k-fold cross validation the more bias is revealed in relation to variance, in an effect 

known as the bias-variance tradeoff (Nowak, 1997). The results of the 19-fold cross validation 

can be seen in detail in Figure 9 and Tables 8 and 9. Table 8 shows parameter estimates, fold 

size, and model goodness of fit metrics for each of the 19 folds. Table 9 shows summary 

statistics for the results shown in Table 8. Plot 9 provides a visualization of individual fold



 

Figure 9. 19-fold cross validation results for each parameter (plot), fold (points), mean cross validation results (solid lines), and comparison to 

parameter estimates from modeling the full data set (dotted lines). Point color and shape indicate which publication data were derived from. Each 

fold represents one data subset for seed source, growing site, and year of observations.  



Table 8. Complete results of modified 19-fold cross validation, including model goodness of fit metrics and parameter estimates.  

For each data source there are multiple rows to encompass different seed sources, sites, and date ranges. For definitions see Table 2.  

Fold Source RMSE NSE n Hc,max Hc,min Hc,0 ka kd Rc Rf Tth,a Tth,d 

1 Fisker, 1993 1.90 0.81 7 -1.05 -27.22 -5.33 0.10 0.85 -383.18 278.74 9.96 8.88 

2 Fisker, 1993 2.49 0.77 7 -1.45 -26.96 -5.49 0.10 0.70 -385.44 471.13 9.91 8.57 

3 Fisker, 1993 2.76 0.75 7 -1.09 -25.38 -5.16 0.11 0.65 -391.34 456.73 9.98 8.63 

4 Fisker, 1993 1.13 0.96 7 -3.80 -25.57 -5.57 0.10 0.97 -391.39 159.64 9.96 8.97 

5 Timmis et al., 1994 3.35 0.76 10 -1.57 -24.29 -5.21 0.11 0.69 -393.16 121.14 9.99 8.82 

6 Timmis et al., 1994 3.54 0.80 13 -2.68 -24.94 -4.83 0.11 0.88 -390.30 262.84 9.95 9.00 

7 Timmis et al., 1994 4.65 0.50 7 -2.15 -24.69 -5.30 0.11 0.74 -391.87 242.39 9.99 8.82 

8 Timmis et al., 1994 4.11 0.69 10 -1.11 -24.05 -5.65 0.11 0.59 -386.68 487.85 9.91 8.80 

9 Timmis et al., 1994 5.12 -1.00 7 -1.34 -24.94 -5.01 0.10 0.46 -383.23 489.40 9.99 8.29 

10 Timmis et al., 1994 4.98 0.47 7 -3.32 -27.53 -5.13 0.09 0.90 -394.19 218.32 9.99 8.80 

11 Haase et al., 2016 2.27 0.74 5 -1.15 -26.73 -5.51 0.10 0.90 -387.24 221.65 9.90 8.90 

12 Haase et al., 2016 2.25 0.79 5 -2.59 -29.33 -5.17 0.09 0.94 -388.40 205.73 9.91 8.79 

13 Haase et al., 2016 1.19 0.92 5 -0.83 -26.88 -5.37 0.10 0.90 -379.89 338.53 9.95 8.93 

14 Haase et al., 2016 2.40 0.78 5 -3.46 -23.84 -5.35 0.11 0.69 -378.30 194.94 9.84 8.94 

15 Haase et al., 2016 3.45 0.28 5 -1.63 -24.68 -5.02 0.11 0.77 -394.42 144.61 9.99 8.94 

16 Haase et al., 2016 2.33 0.78 5 -0.12 -26.67 -5.38 0.11 0.66 -378.56 352.45 10.00 8.71 

17 Stevenson et al., 1999 7.28 -0.19 4 -2.94 -26.34 -5.46 0.10 0.90 -378.11 382.33 9.90 8.90 

18 Stevenson et al., 1999 6.23 -0.14 6 -2.14 -26.37 -5.27 0.10 0.91 -385.61 133.40 9.99 8.96 

19 Stevenson et al., 1999 8.49 -0.92 5 -2.22 -25.91 -5.58 0.09 0.80 -392.02 296.01 9.98 8.97 
 

Table 9. Summary results for 19-fold cross validation fold size and parameter estimates.  

 n Hc,max Hc,min Hc,0 ka kd Rc Rf Tth,a Tth,d 

Minimum 4.00 -3.80 -29.33 -5.65 0.09 0.46 -394.42 121.14 9.84 8.29 

Mean 6.68 -1.93 -25.91 -5.30 0.10 0.78 -387.02 287.25 9.95 8.82 

Median 7.00 -1.63 -25.91 -5.33 0.10 0.80 -387.24 262.84 9.96 8.88 

Maximum 13.00 -0.12 -23.84 -4.83 0.11 0.97 -378.11 489.40 10.00 9.00 

Standard Deviation 2.24 1.00 1.40 0.22 0.01 0.14 5.55 123.48 0.04 0.17 

Coefficient of Variance 0.33 -0.52 -0.05 -0.04 0.07 0.18 -0.01 0.43 0.00 0.02 



 

Figure 10. Cross validation model error and efficiency results for each fold. Point shape and color show which data source each 

fold was derived from. Each fold represents one data subset encompassing all dates for a unique combination of seed source, 

growing site, and year of observations.  

 



parameter values and horizontal line to compare individual fold results to mean values for all 

folds and to the original model trained with 70% of all data points, with 30% reserved for testing 

(Table 4). Cross validation summary statistics include the minimum, mean, median, maximum, 

standard deviation, and coefficient of variance values for each model parameter. Comparison of 

point range, and difference between cross validation means and parameter estimates from the full 

results  (Fig. 9), show which parameters were most biased in the original model estimates, and  

an estimate of variation of model parameter estimates for this data set.  Comparison of the 

coefficient of variance between parameters (Table 9)  reveals which parameters are the most 

variable  for this model and dataset. Based on the coefficient of variance  Hc,max and Rf show 

relatively high variance,  kd moderate variance, and all other parameters low variance. 

The cross validation was performed on subsets of data that represented observations for 

one dormancy season, seed source, and site. This structure also allows for comparison of model 

fit for each data source (Fig 10). Figure 10 shows the model error (RMSE) and efficiency (NSE) 

for each fold of the cross validation. RMSE is a measurement of error that is biased to account 

for larger error in residuals when compared to mean absolute error. NSE shows residual error on 

a normalized scale of 1 to -∞, where 1 is a perfect fit to observation data, 0 shows that the model 

predictions are equal to the mean of observed data, and negative values are worse than the mean. 

Overall, model fit was grouped by data source, showing that data from Stevenson et al. did not 

perform well when the model was trained with the full data set, had the largest error (RMSE) and 

had negative NSE values. This subset of data was the furthest north (Table 1) and also consisted 

of seedlings that had been established in a realized gain trial for three years before observations 

were made (Stevenson et al., 1999). The other data sources show overlapping ranges of error and 

efficiency, except for one data subset from Timmis et al. (1994) that showed a negative NSE. 



Analysis of model residuals for this subset, fold 9 from the cross validation, shows that LT50 

temperature was overestimated at all timepoints, and this was emphasized by the lack of data 

points during acclimation within this subset, explaining the low NSE. These results show no 

distinct grouping within a single data source by seed source elevation, the primary grouping 

characteristic in the seed source cluster scenario, or by growing site location, which include sites 

in Washington and Oregon (Fig. 3).    

Discussion 

 Model Performance 
 The results shown here support the two hypotheses proposed in the aims. The cold 

hardiness model using only temperature as a predictor was able to simulate Douglas-fir cold 

hardiness. Model predictions improved in goodness of fit as data modeled were more similar. 

Clustering by seed source reduced model error for the full compiled data set when cluster 

residuals were combined. However, there was variability within the individual seed source 

clusters, which demonstrated inconsistency in this improvement. Though error was variable, 

model efficiency was improved for the seed source clustering scenarios for both combined 

residuals and within each cluster. The results from the growing site clustering also showed 

variability between clusters.  Error (RMSE) and efficiency (NSE) showed improvement 

compared to no clustering for sites south of 46°N but not for sites north of 46°N. Overall, all the 

poor fit for the northern cluster resulted in combined residuals showing greater error than no 

clustering but also greater, and thereby improved, efficiency. Though there was variability within 

the performance of individual clusters, clustering data still improved model performance over the 

no cluster scenario, grouping all data.  



This improvement is further exemplified in the examination of model performance when 

applied only to the Timmis data subset. This subset includes one growing site and two seed 

sources that were observed over multiple dormancy seasons. For these data, parameters that were 

calibrated using a training data set just from this data subset performed the best (Fig. 5 & 6, 

Table 6). The results show a clear model performance improvement in the parameters from both 

the seed source and growing site clustering scenarios when compared to the parameters from the 

no clustering scenario. Additionally, the goodness of fit metrics shows improvement for both 

clustering scenarios applied to the Timmis data than to the full data set. This supports that model 

fit is improved with more similar data. Since the Timmis data includes only one location, only a 

single parameter set from the growing location clusters was used to fit the model for this data 

subset. This is notable because this parameter set is for the growing site north of 46°N, which 

performed worse when applied to all the compiled data in the no cluster scenario. This suggests 

that the poor performance of the north of 46°N cluster may be improved by further division of 

the cluster. This cluster includes sites in the south Puget Sound region of Washington state and a 

site located on Vancouver Island, British Columbia, which may be an outlier and contribute to 

model error within this cluster when applied to all data. The disparate performance of this data 

set can be further seen in the cross validation results which show higher model error and low 

model efficiency for each data set derived from this source (Figure 10).  

The parameter sensitivity analysis revealed parameters that are candidates for fixed 

values:  Tth,a, Hc,0, and Hc,max. Low sensitivity was observed in Hc,0 and Hc,max. Fixing these 

values within the range tested will not have negative impacts on model performance. Parameter 

Tth,a shows high sensitivity, with model error increasing as the parameter is adjusted farther from 

the best fit value. Though there is high sensitivity for this parameter, the fit value across data sets 



and scenarios tested ranged only between 9.4 and 10.0°C. This is a small range of values that are 

appropriate for this threshold, and when the no cluster scenario was tested with values above or 

below 10.0°C mean absolute error and residual spread increased. Thus, a fixed value of 10.0°C 

would be appropriate for Tth,a. Fixing these parameters will reduce the total number of 

parameters that need to be calibrated for each population cluster, which will increase model 

parsimony and decrease the likelihood of overfitting the model.  

Fixing Hc,max can be informed by the results of the sensitivity analysis and cross 

validation. The low sensitivity of Hc,max implies little impact on model fit if a fixed value is 

selected within an appropriate range. For the data used in this modeling exercise, this range may 

be selected by the results of the cross validation. The cross validation showed a mean value close 

to -2°C and the no clustering scenario showed a value of -3.5 °C. A selection of -3°C for this 

parameter would represent this range well and would be unlikely to negatively impact model fit, 

based on the sensitivity analysis.  

The potential fixed parameters also provide insight into thresholds on biological 

processes. Tth,a shows a fixed value for degree day accumulation during chilling for average daily 

temperatures below 10.0 °C. The consistency of this result across model scenarios suggests that 

this is representative of the populations and environmental conditions tested here. Hc,max, in the 

unit of lethal temperature of 50% (LT50), can further support estimations of this value that have 

been made through the use of controlled environment trials. It’s important to note that LT50 is a 

population level metric, and absolute maximum temperature of an individual tissue does not 

necessarily represent the variation within a population, so this metric may be an interesting 

comparison to measurements made of absolute maximums. Hc,0 represents the starting value for 



LT50 in the model. This is primarily a logistical parameter for model implementation, but could 

show an opportunity for model simplification by basing this value on Hc,max. 

One parameter that has received little discussion thus far is the forcing requirement (Rf). 

This parameter is not currently utilized in the cold hardiness model, as the model is based on 

calendar date, not a biological derived end point. Rf  remains in the model as a method to tie in 

budburst prediction, a goal for future iterations of this model. Though cold hardiness and 

dormancy phenology are not identical, they are correlated, and this correlation increases during 

spring deacclimation (Aitken & Adams, 1997; Stevenson et al., 1999). Thus, Rf can be used to 

toggle from the cold hardiness model to a bud burst sub-model that may be running 

simultaneously based on chilling and forcing accumulation. In addition to applied uses of a 

unified cold hardiness and bud burst model, it could be used along with future climate simulated 

data to determine risk of cold damage and changes in bud burst timing based on population 

specific parameters. 

The results of a 19-fold cross validation identified two parameters with high variance, 

and one with moderate variance (Table 9). Both parameters that had high variance, Hc,max and Rf, 

had low sensitivity, suggesting that this variance is unlikely to impact model fit. The variance of 

Hc,max was high in relative terms, but this variance is over emphasized by the small parameter 

range from 0 to -4 °C in the cross validation scenario (Fig. 9), which can be reduced further by 

the biological assumption of low underlying cold hardiness. Rf is a parameter in the model with 

low sensitivity and no impact on model performance in the current model implementation, as 

mentioned in the previous paragraph. The only other parameter with an absolute coefficient of 

variance greater than 0.10, or in other words has a standard deviation that is greater than 10% of 

the mean, is kd, which also showed low sensitivity (Fig. 8). This parameter has the greatest 



uncertainty in the model, but with low sensitivity, is unlikely to impact model error and 

efficiency.  

Parameter values from the no cluster scenario fall on the edge or slightly outside of 

parameter values estimated for each of the 19 folds of the cross validation. This can be explained 

by the larger percentage of training data compared to testing data in the cross validation. Since 

the cross validation did not have an equal number of data points per fold, the range of training 

data was from 97% to 89% of all data points, compared to 70% in the no cluster scenario. This 

shows some bias in parameter estimation in the no cluster scenario, but the direction of the bias 

varies by parameter and can be visualized in Figure 9. 

Broader Impacts 

Simplifying the calibration of this model will by fixing some parameters will increase the 

useability for application in conifer production and regeneration by reducing the chance of 

overfitting. Conifer seedling production is on the rise as reforestation and wildfire response are 

receiving federal attention (Fargione et al., 2021). Increased demand creates more opportunity 

for implementation of phenology models that can aid in timing of production and establishment 

workflows and cultural decisions. Knowledge of seedling cold hardiness status, and population 

specific response to temperatures, can be used to prioritize planting order, planting seedlings 

with greater risk of rapid deacclimation or cold damage due to lower hardiness levels can be 

delayed over hardier seedlings. Model parameterization  for specific populations can reveal these 

traits through parameter estimates kd and Hc,max or cold hardiness of a certain day (Hc,i). In 

addition to knowledge of a populations estimated cold hardiness at a point in time, understanding 

temperature response through population specific parameters, such as chilling requirement (Rc) 

and deacclimation rate constant (kd), can be leveraged to rate or rank seedlings in terms of 



vulnerability. This vulnerability rating can be used as a proxy for planting order prioritization 

when estimated cold hardiness level is unknown. In addition to outplanting order, populations in 

nursery production can also be ranked in a similar fashion. In the Pacific-Northwest, weather can 

be a major limiting factor of seedling lifting timing in bareroot production. Rain can saturate 

soils and exclude equipment from accessing fields, or frost protection through irrigation can 

create artificially saturated soil conditions. In these cases, prioritizing seedlings that may 

deacclimate sooner can prevent spring cold damage, or budburst before lifting can occur.  

Additionally, increased understanding of seedling cold hardiness status can be applied to 

reduce regeneration mortality due to cold events after planting and before seedlings acclimate to 

site climate. This may be especially true for fall planted seedlings, a regionally variable 

component of regeneration planting in North America (Grossnickle & MacDonald, 2021). If fall 

planted seedlings are not properly conditioned through nursery culture and chilling temperature 

exposure, they may be damaged on planting sites that are much colder than nursery conditions. 

This issue can be compounded by site microclimates, and little or no protection from canopy on 

many regeneration sites (Krasowski & Simpson, 2001; Marsh et al., 2022).  

Reforestation for timber production can see stem defect at mid rotation as a result of early 

cold damage. This is demonstrated by observation of increased stem canker with cold damage 

(Reich & Kamp, 1993). As we continue to see changing climate conditions, we may see 

increased risk of cold damage in certain populations, regions, or microclimatic zones (Ford et al., 

2016). This may be due to changes in climate related to temperature or related to precipitation 

and snowpack. Outplanted seedlings that may have been insulated by snowpack may now be 

exposed to damaging cold temperatures, especially during the acclimation and deacclimation 

shoulder seasons (Hankin et al., 2019). 



Climate change is presenting novel risks to tree populations that are unable to migrate as 

rapidly as these risks are being realized. Population movement to mitigate the impact of climate 

change on forests, otherwise known as assisted migration, is proposed for Douglas-fir (Bansal et 

al., 2015; Chmura et al., 2011). Though there is evidence that this will mitigate some challenges 

associated with high temperature and drought, there may also be risks of increased cold related 

damage, and attempts to move Douglas-fir seed sources to Eastern Europe have experienced this 

risk (Boiffin et al., 2017; Isaac-Renton et al., 2014; Malmqvist et al., 2018). Thus, the 

establishment of forests that will have both an advantage in future climates over native 

populations and will tolerate low temperature extremes is a balance that requires improved 

understanding of plant phenology. The results of this model demonstrate that through calibration 

and parameter selection, understanding of population specific temperature response can be built. 

This understanding can be applied by foresters and restoration ecologists to decision making 

around assisted migration and population selection. Determining accurate population specific 

parameter ranges for the acclimation and deacclimation phases as well as maximum cold 

hardiness can be applied to determine which populations will be at greatest risks to cold damage 

during the fall, spring, or winter, respectively.  

Cold damage can be particularly catastrophic during forest regeneration or seedling 

production, as seedlings are more vulnerable than mature trees (Duryea & McClain, 1984). 

Successful forest regeneration in the future will require the production of hardy seedlings and the 

ability for planted and naturally regenerated seedlings to withstand site conditions. Additionally, 

populations used for assisted migration must be able to withstand the current conditions for 

forest establishment to be successful (Isaac-Renton et al., 2014). Thus, implementing cold 

hardiness and phenology models, such as the one demonstrated here, in both production and 



reforestation efforts, has the potential to be a useful tool as continued climate change threatens 

forest success.   

Collectively, the results suggest that this model provides adequate predictions when data 

modeled are similar. Modeling of data from too broad of a range, or for seedlings with different 

life histories, exemplified by the Stevenson et al. data, creates large errors and reduces model 

efficiency. Several parameters are candidates for fixed values, which will improve model 

calibration in future uses, and reveal biological thresholds for cold hardiness development.  

Future Direction 
 

Unified Dormancy Phenology Model: The future direction of this body of work will be to unify 

the cold hardiness model used here with proposed bud burst models that also require only 

temperature inputs. A unified model can be used to predict future risks due to changes in chilling 

and forcing. The unified model will provide the benefit of predicting two major risks associated 

with the dormant season of temperate trees: cold damage, and delayed bud burst. This model will 

be used to identify populations vulnerable to changes in phenology, and the associated risks. 

Machine learning methods may be utilized to improve model performance and applicability to 

large scale data.  

Comparative Phenology Modeling: Additionally, future work will compare this model to other 

proposed models that include photoperiod as predictors. The model used here requires less input 

than previously proposed models for temperate conifer cold hardiness (Greer et al., 2001; 

Leinonen, 1996; Leinonen et al., 1995). Previous work has shown that day length impacts conifer 

cold hardiness development in controlled environments (Leinonen et al., 1995; G. Zhang et al., 

2003), but the results of the model used here suggest that the natural day length difference across 



the range of a population may only have minor effects during historical and current climate 

conditions.  

Expanded Modeling of Taxa: The next phase of model testing may be expanded to include 

other temperate woody species. This work will aim to determine if a temperature driven process-

based cold hardiness model is adequate for predicting cold hardiness across temperate wood 

plants.  

Expanded Modeling of Future Climates: Future objectives include testing model iterations 

with historical and projected future simulated climate data. As seasonality and phenology change 

due to climate change, photoperiod may become a more impactful predictor of phenology. Future 

divergence of photoperiod and chilling-forcing dynamics may impact cold hardiness and other 

phenological events. These continued efforts will also be leveraged to answer questions about 

plasticity of phenological responses through acclimation and the limitation of within and across 

population genetic adaptation.  
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Supplementary Table S1. Supplemental table showing data sources reviewed for Douglas-fir cold hardiness and budburst data. The top four rows were included in the modeling 

data set. Columns two through six indicate the presence or absence of various data characteristics. Phase indicates what phenological phase of cold hardiness was reported, 

either the full dormancy season, just acclimation (Acc), just deacclimation (DeAcc), or both Acc and DeAcc but excluding peak cold hardiness. Method indicates the cold 

hardiness testing method, either visual, freeze induced electrolyte leakage (FIEL), or chlorophyll fluorescence (CFL). For data not used for modeling the reason for excluding is 

listed in the last column.  

Citation Model Seed 

Source 

ID 

Site 

Id 

Cold 

Hardiness 

Data 

Budburst 

Data 

Temperature 

Data 

Phase Method Reason for Excluding 

Fisker, Sue. (1993). Chlorophyll fluorescence as a measure of cold hardiness and 

freezing stress in 1 + 1 Douglas-fir seedlings: response to seasonal changes in the 
nursery [Master’s Thesis, Oregon State University]. ScholarsArchive@OSU. 

Yes Yes  Yes  Yes  No No Full Visual NA 

Haase, D. L., Khadduri, N., Mason, E., & Dumroese, R. K. (2016). Relationships 

among chilling hours, photoperiod, calendar date, cold hardiness, seed source, and 
storage of Douglas-fir seedlings. 59(1), 12. 

Yes Yes  Yes  Yes  No Yes  Acc Visual NA 

Stevenson, J. F., Hawkins, B. J., & Woods, J. H. (1999). Spring and Fall Cold 

Hardiness in Wild and Selected Seed Sources of Coastal Douglas-fir. Silvae Genetica, 

48(1), 29-34. 

Yes Yes  No Yes  Yes  Yes  Full FIEL NA 

Timmis, R., Flewelling, J., & Talbert, C. (1994). Frost injury prediction model for 

Douglas-fir seedlings in the Pacific Northwest. Tree Physiology, 14(7-8–9), 855–869. 
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Yes Yes  Yes  Yes  No No Full Visual NA 
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No Yes  Yes  Yes  Yes  No DeAcc Visual Limited temporal replication; 
Data in units other than  LT50 
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Management, 80(1), 187–195. https://doi.org/10.1016/0378-1127(95)03609-1 

No Yes  Yes  Yes  Yes  Yes  Full Visual Cold hardiness data not 
present in publication 

Alden, John; 1971; Freezing resistance of tissues of the twig in Douglas-fir [Doctoral 
Dissertation, Oregon State University]. ScholarsArchive@OSU. 

No No No Yes  No No Full Visual Data in units other than  LT50 

Bailey, J. D., & Harrington, C. A. (2006). Temperature regulation of bud-burst 
phenology within and among years in a young Douglas-fir (Pseudotsuga menziesii) 

plantation in western Washington, USA. Tree Physiology, 26(4), 421–430. 

https://doi.org/10.1093/treephys/26.4.421 

No Yes  Yes  No Yes  Yes  DeAcc NA Cold hardiness not tested 

Bansal, S., Harrington, C. A., & St. Clair, J. B. (2016). Tolerance to multiple climate 
stressors: A case study of Douglas‐fir drought and cold hardiness. Ecology and 
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No Yes  Yes  Yes  No Yes  Acc Visual Limited temporal replication 
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https://doi.org/10.1111/gcb.12958 

No Yes  Yes  Yes  No Yes  Acc Visual Limited temporal replication 
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Supplementary Table S1 Continued. Supplemental table showing data sources reviewed for Douglas-fir cold hardiness and budburst data. The top four rows were included in the 

modeling data set. Columns two through six indicate the presence or absence of various data characteristics. Phase indicates what phenological phase of cold hardiness was 

reported, either the full dormancy season, just acclimation (Acc), just deacclimation (Deacc), or both Acc and Deacc but excluding peak cold hardiness. Method indicates the 
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Citation Model Seed 

Source ID 

Site Id Cold Hardiness Data Budburst Data Temperature Data Phase Method Reason for 

Excluding 
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No Yes  Yes  Yes  Yes  Yes  Full Visual Cold hardiness 
data averaged by 

site or seed 

source; Controlled 

environment 

Hawkins, B. J., & Stoehr, M. (2009). Growth, phenology, and 

cold hardiness of 32 Douglas-fir full-sib families. Canadian 
Journal of Forest Research, 39(10), 1821–1834. 

https://doi.org/10.1139/X09-092 

No Yes  Yes  Yes  Yes  No Acc& DeAcc CFL Data in units other 

than LT50 
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cold hardiness of 32 Douglas-fir full-sib families. Canadian 
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No Yes  Yes  Yes  Yes  Yes  Full FIEL Cold hardiness 

data not present in 
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tolerance of conifer seeds and germinants. Tree Physiology, 
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No Yes  Yes  Yes  No Yes  NA Visual Plant ontogeny 
different from 
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Leinonen, I., Repo, T., Hänninen, H., & Burr, K. E. (1995). A 
Second-order Dynamic Model for the Frost Hardiness of 

Trees. Annals of Botany, 76(1), 89–95. 

https://doi.org/10.1006/anbo.1995.1082 

No Yes  Yes  Yes  Yes  Yes  Full FIEL Southwestern 
seed source; 

Controlled 

environment 

Malmqvist, C., Wallin, E., Lindström, A., & Säll, H. (2017). 

Differences in bud burst timing and bud freezing tolerance 

among interior and coastal seed sources of Douglas fir. Trees, 
31(6), 1987–1998. https://doi.org/10.1007/s00468-017-1603-x 

No Yes  Yes  Yes  Yes  Yes  DeAcc FIEL Cold hardiness 

data not present in 

publication; 
Single date tested 

Schuch, Ursula; 1987; Frost hardiness of Douglas-fir 

(Pseudotsuga menziesii (Mirb.) Franco) seedlings raised in 
three nurseries [Master’s Thesis Oregon State University]. 
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No Yes  Yes  Yes  Yes  No Acc&DeAcc Visual Cold hardiness 

data averaged by 
site or seed source 
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No Yes  Yes  Yes  No Yes  Acc Visual Limited temporal 

replication 
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Coastal Douglas-fir. 6. 

No No Yes  Yes  Yes  No Acc&DeAcc Visual Cold hardiness 

data not present in 

publication 
 


