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ABSTRACT 

 

Ecological and evolutionary causes of geographic variation in reproductive phenology and 

seed mass in the California jewelflowers (Streptanthus, Brassicaceae) 

 

by 

 

Natalie Lauren Rossington Love 

 

Geographic variation in fitness-related traits among populations and species may be driven 

by long-term climatic conditions, which may contribute to local adaptation, as well as by 

inter-annual variation in climate, which can cause both rapid, short-term evolution and 

plastic responses. Few studies, however, have assessed both factors, limiting our ability to 

predict how species will respond to future climate change. In my dissertation, I evaluated 

both long- and short-term climatic drivers of geographic variation in two traits that influence 

individual fitness in many species: flowering date and seed mass. To detect drivers of 

geographic variation in flowering time, I analyzed ~750 herbarium specimens of 

Streptanthus tortuosus, a widespread California jewelflower (Brassicaceae). To detect 

climatic influences on seed mass – a much more evolutionary conservative trait than 

flowering time – I examined 88 populations representing six Streptanthus species. In both 

studies, I used linear models to detect the independent and interacting effects of long-term 

and inter-annual climate conditions on the focal trait. With respect to flowering time, S. 

tortuosus is phenologically sensitive to both long-term and inter-annual variation in 



 

 

xi 

temperature and precipitation. Additionally, S. tortuosus exhibits high regional variation in 

the response of flowering time to local climatic conditions. Plants sampled from warm 

regions are phenologically more sensitive to temperature-related variables and experienced a 

greater increase in temperature over the last century than plants sampled from cool regions. 

Together, these differences resulted in significantly greater phenological advancement in 

warm regions than in cool regions during the past century. To apply these results to the 

future, I used region-specific phenological models in combination with species distribution 

models to forecast the effects of upcoming climate change on both the phenology and the 

geographic distribution of S. tortuosus. These models predict range loss and flowering time 

divergence between warm and cool regions during the next century. My investigation of 

seed mass variation similarly detected sensitivity to long-and short-term variation in 

temperature-mediated growing season length and precipitation. Specifically, both long-term 

precipitation and inter-annual precipitation anomalies affected population mean seed mass, 

but their effects differed in direction and magnitude. Relatively large seeds were produced at 

chronically wet sites but also during drier-than-average years, suggesting that these 

associations may be generated by different mechanisms (i.e., adaptive evolution vs. 

phenotypic plasticity). Collectively, these studies inform our understanding of how traits 

respond to long-vs. short-term variation in climate both within and among species and will 

improve our ability to predict species’ responses to future climate change.  
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Introduction and Dissertation Overview 

By Natalie L.R. Love 

 

Ecologists and evolutionary biologists have long been fascinated by patterns of 

phenotypic variation in populations and species at both local and global scales. There is a 

deep history of studies investigating patterns within and among species of a variety of 

organisms in order to understand how environmental conditions might act to generate this 

variation (Humboldt, 1807; Gloger, 1833; Allen, 1877). Botanical studies of biogeography 

have provided ecologists and evolutionary biologists with useful systems in which to 

identify and to understand the mechanisms that drive the variation we observe. Because 

plants are sessile, their local, abiotic environment can impose a particularly strong selective 

force that generates clines in functional traits (Turesson, 1922; Clausen et al., 1948).  

To begin to understand the mechanisms that drive geographic variation in functional 

traits, one can investigate the relationship, among populations, between the mean values of 

focal traits and geography or local climatic conditions using linear models. By correlating 

functional trait values that differ among populations with geographic attributes (e.g., 

elevation, longitude) or the climate where the populations occur (e.g., seed 

mass~temperature), researchers can detect how abiotic conditions may lead to differentiation 

across the landscape.  If variation along a cline is in part genetically based, then it can 

potentially be used to inform predictions about evolutionary responses to climate change 

(Kooyers et al., 2015; Etterson et al., 2016; Schneider and Mazer, 2016). Indeed, 

genetically-based differentiation in functional traits among populations as a result of natural 

selection is widespread among plant species (Halbritter et al., 2018). 
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Associations between fitness-related traits and long- vs. short-term variation in climate 

The observed local climate experienced by a population during a given year can be 

partitioned into two components — its long-term mean climate value and the annual 

deviation from the long-term mean climate value during a given year — and traits may 

respond to variation in one or both of these components of climate (Munson and Long, 

2017; Mazer et al., 2020). Long-term mean climate values, or climate normals, represent the 

chronic conditions at a given location (i.e., arid or mesic locations) while deviations from 

the long-term mean climate during a given year, also called climate anomalies, represent 

short-term, inter-annual variation in climate (i.e., wetter- or drier-than-average years). 

Moreover, associations between traits and these two components of climate may be 

generated by different biological processes (Bontrager and Angert, 2016; Mazer et al., 

2020). For example, among populations of a wild species, we may find that populations in 

chronically warm locations flower relatively early compared to those in chronically cool 

locations (see Figure 1a for a hypothetical example). Adaptation is a long-term process in 

response to relatively consistent conditions through time, and therefore, this association 

between flowering date and long-term mean climate may be generated by selection for 

relatively earlier flowering in chronically warm locations where the onset of summer 

drought may occur earlier (Bernal et al., 2011; Schneider and Mazer, 2016).  

Independent of the effects of long-term mean climate, we may also find that, 

collectively, populations flower relatively early during warmer-than-average years compared 

to cooler-than average years (Figure 1b). This association between flowering date and 

climate anomalies may represent plastic responses to inter-annual variation in climate 
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(Blackman, 2017; Ensing and Eckert, 2019). Alternatively, if climate anomalies are 

consistent in direction for multiple years (e.g., a 10-year drought), this association could 

represent rapid evolution of flowering time (Franks et al., 2007; Franks, 2011; Hamann et 

al., 2018; Metz et al., 2020) in response to a prolonged period of drought or warming. Few 

studies have assessed the correlations between fitness-related traits and both short- and long-

term variation in climate (Bontrager and Angert, 2016; Munson and Long, 2017; Mazer et 

al., 2020), yet distinguishing between these two sources of variation will improve our ability 

to predict whether and how populations or species respond to future climate change (Jump 

and Peñuelas, 2005; Anderson et al., 2012; Heilmeier, 2019).  

Among populations or species, responses to long-vs. short-term variation in climate 

may differ in magnitude and/or direction (Munson and Long, 2017; Ensing and Eckert, 

2019; Mazer et al., 2020). Figure 1b depicts a hypothetical scenario where the associations 

between flowering time and long-vs. short-term temperature variation among populations 

distributed across a climatic gradient are both negative, but the magnitude of the regression 

coefficient differs. Flowering time occurs earlier both at warmer locations (Figure 1a) and 

during warmer-than-average years (Figure 1b); however, collectively, populations are more 

phenologically sensitive (i.e., there is a greater change in flowering date/°C) to inter-annual 

temperature anomalies than to spatial variation in long-term mean temperature. This pattern 

suggests that this hypothetical species might have a greater capacity to respond to and track 

inter-annual variation in temperature compared to spatial variation in temperature. 

Determining whether a given species can respond to inter-annual variation in climate is a 

critical first step toward assessing if it can respond to rapid climate change via phenotypic 

plasticity or short-term evolution (Franks, 2011; Anderson et al., 2012; Blackman, 2017). If 
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species are highly sensitive to inter-annual variation in climate, this may improve their 

ability to maintain performance during rapid changes in climate (Cleland et al., 2012). 

However, few studies have been designed to test whether fitness-related traits respond 

differently in direction or magnitude to long-vs. short-term variation in climate, limiting our 

ability to understand the mechanisms that generate geographic variation in traits and to 

predict how populations or species may respond to future climate change.  

Many studies have reported that sensitivity, especially phenological sensitivity, to 

climate varies among plant species, which may result in different temporal responses to 

climate change (Wolkovich et al., 2012; Mazer et al., 2015; Park et al., 2018; Augspurger 

and Zaya, 2020; Menzel et al., 2020). However, we know little about whether and to what 

degree sensitivity to climate varies within species, which limits our ability to use species-

specific climatic sensitivities to generalize how geographically widespread species will 

respond to climate change (Prevéy et al., 2017; Park et al., 2018; Song et al., 2020). 

Moreover, if sensitivity to climate varies intraspecifically, then temporal responses to 

climate change may be population- or region-specific which, over time, could potentially 

disrupt intraspecific interactions such as gene flow (Rafferty et al., 2020; Song et al., 2021). 

 

Dissertation overview 

In the four chapters of my dissertation, which was conducted in collaboration with 

my advisor Susan J. Mazer, I use the California jewelflowers (Streptanthus, Brassicaceae) as 

a study system to evaluate both long- and short-term climatic drivers of geographic variation 

in flowering date and seed mass using herbarium specimens and field collections. Flowering 

date and seed mass represent two traits that influence individual fitness in many species, and 
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thus, evaluating how these traits respond to climate in a given species (or in a set of 

congeners) will improve our ability to predict the consequences of climate change for the 

species’ demography and for its availability as a food resource for the animals that depend 

on them (Leishman et al., 2000; Parmesan, 2006; Forrest and Miller-Rushing, 2010; Ibáñez 

et al., 2010; Miller-Rushing et al., 2010). I also evaluate whether phenological sensitivity to 

climate differs intraspecifically in a single widespread species, the mountain jewelflower (S. 

tortuosus), and ask whether this has led to intraspecific variation in temporal shifts in 

flowering time during the past century.   

Collectively and individually, species in the genus Streptanthus provide a system 

that is well-suited for evaluating the climatic drivers of geographic variation in fitness-

related traits for two main reasons. First, the genus is distributed across a wide variety of 

climatic conditions in California—from low-elevation, relatively hot and dry foothills to 

high-elevation, relatively cold and mesic environments (the California Consortium of 

Herbaria, www.cch2.org). Consequently, we may expect to be able to detect associations 

between climatic conditions and population means for reproductive traits, which may reflect 

the outcome of natural selection or phenotypic plasticity. Second, Streptanthus tortuosus is 

well represented by herbarium records (the California Consortium of Herbaria, 

www.cch2.org) that provide a spatially and temporally robust dataset with which to detect, if 

present, differences in responses to long-vs. short-term variation in climate as well as 

intraspecific variation in phenological sensitivity to climate.  

 

Overview of Chapter 1 
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My first chapter, titled “A new phenological metric for use in phenoclimatic models: 

A case study using herbarium specimens of Streptanthus tortuosus,” reports the results of a 

study conducted in collaboration with Susan Mazer and Isaac Park and published in 

Applications in Plant Sciences (Love et al., 2019). In this chapter, we present a new 

quantitative metric, called the phenological index (PI), that is designed to improve the 

predictive power and fit of linear models constructed to assess the effects of climate on 

flowering phenology using herbarium-derived data (i.e., phenoclimatic models or PCMs). 

Herbarium specimen collection date (day of year of collection or DOY) is often used as a 

proxy for flowering date when linking phenology to local climatic conditions (Primack et 

al., 2004; Diskin et al., 2012; Davis et al., 2015); however, reproductive specimens may be 

collected for preservation at any stage between budding and fruiting. Thus, variation among 

specimens in their phenological stage undermines the assumption that DOY accurately 

represents any particular phenophase.  

The PI developed and included in predictive models in Chapter 1 addresses this issue 

by quantifying the developmental stage of individual specimens based on the proportions of 

buds, flowers, immature and mature fruits present on a given plant, where the proportion of 

each type of organ is weighted by a value representing the developmental stage of each class 

(buds = 1, flowers = 2, immature fruits = 3, and mature fruits = 4). This results in a 

phenological score that ranges from 1 (a plant bearing only buds) to 4 (a plant bearing only 

mature fruits) on a continuous scale. Counting potentially hundreds of individual 

reproductive organs on an herbarium sheet presents a challenge; thus, in this chapter, we 

also present a protocol we developed to easily score imaged herbarium specimens using the 

ImageJ plug-in Cell Counter. 
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To demonstrate the utility of including the PI in PCMs, I used a set of 119 herbarium 

specimens representing the geographic distribution of S. tortuosus to construct a set of two 

PCMs designed to detect the effect of local spring temperature and winter precipitation on 

the DOY: one model included the PI while the other excluded it. Because there is a strong, 

positive correlation among specimens between the PI and the day of year of collection, 

inclusion of the PI as a main effect the PCM improved the model R2 31% relative to the 

model that excluded it. The estimated sensitivities of flowering date to temperature and 

precipitation, however, were the same in both models. This chapter also explains how the 

estimated slope of the relationship between DOY and the phenological index (days/PI value) 

quantifies the rate of phenological development from budding to fruiting, and how this value 

can be used to test hypotheses regarding how spatial or temporal variation in climate drives 

geographic variation in developmental rates.  

The work presented in this chapter demonstrates that quantitatively accounting for 

phenological stage in PCMs can improve the fit and predictive power of models designed to 

detect climatic factors influencing flowering date. Moreover, the chapter provides a flexible 

framework and detailed protocol that can be applied to many species in the future. While 

counting individual reproductive organs may be tedious for some species, automated 

detection of such structures via machine learning has the potential to dramatically expedite 

the process (Goëau et al., 2020; Pearson et al., 2020). The development of the PI and the 

demonstration of its utility presented in this chapter will help expand the use of herbarium 

specimens as sources of phenological data in the future. In addition, the PI was included in 

PCMs constructed in Chapter 2 and Chapter 3 of this dissertation. 
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Overview of Chapter 2 

While many studies have demonstrated that phenological sensitivity to climate varies 

among species (Cook et al., 2012; Wolkovich et al., 2012), very few studies have examined 

whether sensitivity varies within species or whether, if present, this has led to divergent 

phenological shifts in response to contemporary climate change (Prevéy et al., 2017; 

Rafferty et al., 2020; Song et al., 2020). In Chapter 2, titled “Region-specific phenological 

sensitivities and rates of climate warming both contribute to divergent temporal responses of 

flowering date throughout a species’ range”, Susan Mazer and I use ~750 herbarium 

specimens of S. tortuosus that represent a 112-year collection period to assess region-

specific sensitivities to climate, degrees of climate change, and temporal shifts in flowering 

date.  

When we compared temporal shifts among specimens collected in chronically warm 

vs. chronically cool locations, we found that, collectively, individuals in warm locations 

advanced their flowering date by ~20 days while those in cool regions showed no evidence 

of advancement during the past century. Given this observed difference, we then evaluated 

the relative importance of two, non-mutually exclusive potential drivers of these divergent 

temporal responses: (1) differences in the degree of phenological sensitivity to climate 

among individuals sampled from warm vs. cool regions, (2) regional differences in the 

magnitude of climate change experienced by individuals sampled from warm vs. cool 

regions during the period of collection. We found that, collectively, individuals in warm 

regions are more sensitive to observed winter and spring minimum temperatures during the 

year of specimen collection relative to those collected in cool regions. Moreover, we found 

that individuals sampled from warm regions experienced a greater increase in these 
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temperature parameters during the past century. Our results suggest that both of these factors 

likely contributed to region-specific phenological shifts.  

This study is one of the first to demonstrate that spatial variation in the magnitude of 

climate warming and the degree of phenological sensitivity to temperature can 

synergistically drive divergent phenological shifts in response to climate change (c.f. Prevéy 

et al., 2017), and the first to do so by utilizing the spatial and temporal breadth of herbarium-

based phenological data. This study also adds to the mounting evidence that herbarium 

records are useful sources of phenological data (Davis et al., 2015; Willis et al., 2017; Jones 

and Daehler, 2018), and reinforces the need to preserve and continue to expand these 

valuable natural history collections.  

 

Overview of Chapter 3 

While many studies have estimated the sensitivity of species to various climate 

variables using phenoclimatic models (Cook et al., 2012; Wolkovich et al., 2012; Willis et 

al., 2017; Jones and Daehler, 2018), few have used these parameterized models to forecast 

the consequences of continued climate change on reproductive phenology (Ernakovich et al., 

2014; Prevéy et al., 2020). Moreover, climate change is likely to alter not only the timing of 

reproduction but also the spatial distribution of suitable habitat. Thus, in order to accurately 

forecast how a given species will respond to future climate change, we need to predict not 

only where the habitat will be suitable for the species’ survival and growth, but also when 

the species is likely to flower based on the local, environmental cues to which it is sensitive. 

In other words, we need to predict how species will respond to climate change in both space 

and time. 
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In Chapter 3 of my dissertation, titled “Models forecast range loss and regional 

flowering time divergence in response to climate change in a montane wildflower 

(Streptanthus tortuosus - Brassicaceae),” I use a species distribution model (SDM) in 

combination with two region-specific phenoclimatic models to forecast the effect of future 

climate change on the distribution and timing of peak flowering of S. tortuosus under two 

climate change scenarios (SSP 2-4.5 and SSP 5-8.5) in the near (2021-2040) and distant 

(2081-2100) future; this work was done in collaboration with Susan Mazer and Timothy 

(TJ) Sears. We used the same set of ~750 herbarium specimens as in Chapter 2 as a source 

of both occurrence and phenological data. The occurrence data was used to construct a SDM 

that quantifies the relationship between species’ occurrences and environmental factors at a 

given location; these models can be used to assess the suitability of any particular set of 

conditions for a given species (Elith et al., 2011). Once constructed using a species’ 

contemporary or recent geographic distribution, an SDM can be applied to projected future 

climatic conditions to assess how they will affect habitat suitability, and thus the species’ 

future distribution (Elith and Leathwick, 2009; Lake et al., 2020). 

We next used phenological data derived from the scored herbarium specimens to 

construct phenoclimatic models that characterize the species’ sensitivity to climate, and thus 

can be used to forecast future changes in flowering date. Given that we demonstrated that 

sensitivity to temperature-related variables differed between warm vs. cool regions of S. 

tortuosus’ range in Chapter 2, we constructed two region-specific phenoclimatic models that 

were each designed to estimate the sensitivity of S. tortuosus to long-term mean annual 

temperature and precipitation (MAT and MAP; 100-year mean) and to MAT and MAP 

anomalies during the year of specimen collection. The results from these models 
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demonstrated that individuals collected in warm regions are more sensitive to both long-

term mean MAT and MAT anomalies. Collectively, individuals in both regions are sensitive 

to MAP; however, individuals in warm regions are sensitive only to spatial variation in long-

term mean MAP while individuals in cool regions are sensitive only to MAP anomalies. As 

individuals in relatively cool regions are collected from mostly high-elevation, alpine 

environments, this could represent a sensitivity to inter-annual variation in precipitation as 

snow which is known to be an important factor driving the onset of flowering in alpine 

environments (Inouye, 2008, 2019; Jabis et al., 2020).  

In the future, populations will likely experience conditions that continue to deviate 

from the contemporary long-term mean conditions as temperature and precipitation 

anomalies become greater (e.g., warmer- and drier-than-average conditions (Cayan et al., 

2008; Polade et al., 2017). Thus, we applied our region-specific PCMs to forecast how the 

peak flowering date of S. tortuosus will shift in response to the predicted MAT and MAP 

anomalies during the next century. The models predict that warmer- and drier-than-average 

conditions in the future will result in a loss of suitable habitat and an advancement of peak 

flowering time between 9 and 48 days (depending on region, scenario, and time period) 

across the range of S. tortuosus. However, because individuals in warm regions are more 

sensitive to MAT anomalies than individuals in cool regions, peak flowering date is 

predicted to advance more in warm regions than in cool regions, resulting in divergent 

phenological shifts in response to forecasted changes in climate under both scenarios during 

the next century. 

This is among the first studies to combine PCMs and an SDM to forecast the effect 

of climate change on phenology and geographic distribution of an individual species 
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(Hereford et al., 2017; Prevéy et al., 2020). The ecological consequences of the predicted 

divergent phenological shifts and range loss in response are difficult to predict, but they 

have the potential to disrupt species interactions or intraspecific gene flow, both of which 

could have consequences for individual fitness (Miller-Rushing et al., 2010; Springate and 

Kover, 2014; Bontrager and Angert, 2019; Kudo and Cooper, 2019). Our study also 

demonstrates that herbarium specimens and other natural history collections can provide 

both occurrence and phenological data that can be used to construct these types of models, 

elucidating both the spatial and phenological shifts that may occur in response to climate 

change. for species to persist in the future. 

 

Overview of Chapter 4 

In my fourth chapter, titled “The effects of abiotic conditions on seed mass in 

Streptanthus (Brassicaceae): roles of climate interactions and serpentine affinity”, I evaluate 

the independent and interactive effects of long-vs. short-term, inter-annual variation in 

climate as well as serpentine soil affinity on seed mass among 88 field populations 

representing six species of Streptanthus; this work was done in collaboration with Susan 

Mazer. While many studies have demonstrated that spatial variation in long-term mean 

climatic conditions can drive geographic variation in seed mass, few studies have 

investigated whether seed mass, which is generally considered to be an evolutionary 

conservative trait, responds differently in direction or magnitude to long- vs. short-term 

climatic variation (Ramírez-Valiente et al., 2009; Soper Gorden et al., 2016; Mazer et al., 

2020). Moreover, these associations may be generated by different mechanisms (i.e., local 

adaptation vs. phenotypic plasticity; Bontrager and Angert, 2016; Soper Gorden et al., 2016; 
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Mazer et al., 2020). Evaluating how these climatic factors, both independently and in 

combination, are associated with variation in seed mass among populations and species is a 

critical first step toward predicting how seed mass will respond to climate change (Jump and 

Peñuelas, 2005; Parmesan, 2006; Heilmeier, 2019).  

To address these gaps, I evaluated the associations between population mean 

individual seed mass (MISM) and long-term mean vs. inter-annual anomalies of two 

climatic factors known to be associated with variation in MISM among populations and 

species: temperature-mediated growing season length (measured as growing-degree days) 

and cumulative precipitation (Crouch and Kloet, 1980; Murray et al., 2004; De Frenne et al., 

2010; Konarzewski et al., 2012). I also assessed whether interactions among these climate 

variables affect MISM. This is the first study to assess the independent and interactive 

effects of temperature-mediated growing season length and precipitation on seed mass. 

Independent of climate, other abiotic factors that differ among populations, such as 

the edaphic environment, may also contribute to variation in seed mass within or among 

species (Stock et al., 1990; Azcárate et al., 2010; Völler et al., 2012; Simpson et al., 2017). 

Two of the species sampled in this study, S. glandulosus and S. tortuosus occur both on and 

off serpentine-derived soils. Given that serpentine is characterized as a chemically harsh, 

low fertility soil type (Brady et al., 2005; Alexander et al., 2007), we may expect selection to 

favor large seeds in populations occurring on serpentine soil. Despite a long history of 

research on serpentine-tolerant plant species and populations (Whittaker, 1954; Brady et al., 

2005; Alexander et al., 2007; Rajakaruna et al., 2014), no studies have directly investigated 

how serpentine soil may affect the evolution of seed mass. A first step toward determining 

whether serpentine affinity affects seed mass is to assess whether mean seed mass differs 
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between populations of S. glandulosus and S. tortuosus occupying serpentine vs. non-

serpentine soil (Harrison et al., 2001). 

We found that both long-term mean climate and climate anomalies during the year of 

collection affect population MISM. Specifically, seed mass is sensitive to both long- and 

short-term variation in precipitation, but their effects differed in direction and magnitude. 

Relatively large seeds were produced at chronically wet sites but also during drier-than-

average years. In other words, high mean values of long-term mean annual precipitation are 

associated with large-seeded field populations, while high values of the anomalies for mean 

annual precipitation are associated with small-seeded field populations.  This contrast 

suggests that these associations may be generated by different mechanisms (i.e., adaptive 

evolution vs. phenotypic plasticity). If climate change alters precipitation patterns in 

California, then plastic responses of seed mass to short-term variation in precipitation may 

conflict with the direction of selection on seed mass in response to changes in chronic 

precipitation regimes. In addition, we found that long-term mean growing season length and 

precipitation interact to predict population MISM. Populations occurring in locations 

characterized by relatively long growing seasons produced comparatively large seeds, 

particularly among chronically dry sites. This study highlights the need to consider both 

long- and short-term responses to climate, as well as their potentially interactive effects, 

when predicting the consequences of climate change on seed mass and related traits such as 

seed dormancy, seed germination, and seedling survival. 

Independent of climate, populations occurring on and off serpentine soils showed no 

difference in mean seed mass. These results suggest that any morphological differences, 

such as differences in plant size or the timing of reproduction that are known to occur 
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between serpentine and non-serpentine ecotypes (Brady et al., 2005; Kazakou et al., 2008), 

are likely not mediated by seed mass differences in Streptanthus. 

The work conducted in my dissertation furthers our understanding of how fitness-

related traits respond to long-vs. short-term variation in climate both within and among 

species, and, ultimately, contributes to our ability to predict species’ responses to future 

climate change. These results also demonstrate that regional variation in the degree of 

climate change and in phenological sensitivity to climate can generate divergent 

phenological responses to climate change, which have the potential to disrupt both positive 

and negatives species’ interactions. My work also demonstrates that museum collections 

provide a spatially and temporally robust data source with which to assess the long- and 

short-term responses to climate. Though my results contribute to our understanding of how 

seed mass and flowering time respond to climate, it is likely that many other fitness-related 

traits, such as the timing of seed germination, the duration of flowering, and the timing of 

fruit ripening and seed dispersal, may be similarly sensitive to climate and thus respond to 

climate change. Future studies that integrate the responses of multiple life history stages, and 

their potentially cascading effects on one another, when predicting the fitness responses of 

wild populations will also improve our understanding of the effects of climate change on 

species’ demography and reproductive performance (Chevin et al., 2010; Chuine, 2010; 

Forrest and Miller-Rushing, 2010; Dawson et al., 2011).  
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Figures 

 

Figure 1. Hypothetical correlations between flowering date and (a) long-term mean annual 

temperature (i.e., temperature normal), and (b) deviations between the local observed 

temperature in the year during which flowering date was recorded and the long-term mean 

annual temperature at that location (i.e., the temperature anomaly). Each point represents the 

mean flowering date of a population or herbarium specimen and each population or 

collection is represented in both figures. These figures illustrate an example in which 

flowering date is sensitive to both spatial variation in chronic temperature regimes and short-

term, inter-annual variation in temperature. However, the slope of the relationship between 

flowering date and temperature anomalies is steeper (more negative) than that of the 

relationship between flowering date and long-term mean temperature, suggesting that 

flowering date is more sensitive to inter-annual variation in climate than to spatial variation 

in chronic conditions. 
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Chapter 1: A new phenological metric for use in pheno-climatic models: a 

case study using herbarium specimens of Streptanthus tortuosus 

 

By Natalie L.R. Love, Isaac W. Park, and Susan J. Mazer 

Abstract 

Premise of Study: Herbarium specimens have been used to detect climate-induced shifts in 

flowering time by using the day of year of collection (DOY) as a proxy for first or peak 

flowering date. Variation among herbarium sheets in their phenological status, however, 

undermines the assumption that DOY accurately represents any particular phenophase.  

Ignoring this variation can reduce the explanatory power of pheno-climatic models (PCMs) 

designed to predict the effects of climate on flowering date. 

Methods: Here we present a protocol for the phenological scoring of imaged herbarium 

specimens using an ImageJ plugin, and we introduce a quantitative metric of a specimen’s 

phenological status, the phenological index (PI), which we use in PCMs to control for 

phenological variation among specimens of Streptanthus tortuosus (Brassicaceeae) when 

testing for the effects of climate on DOY.  We demonstrate that including PI as an 

independent variable improves model fit. 

Results: Including PI in PCMs increased the model R2 relative to PCMs that excluded PI; 

regression coefficients for climatic parameters, however, remained constant.  

Discussion: Our protocol provides a simple, quantitative phenological metric for any 

observed plant. Including PI in PCMs increases R2 and enables predictions of the DOY of 

any phenophase under any specified climatic conditions. 
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Introduction 

Studies of phenology – the timing of life cycle events – have provided some of the 

strongest evidence that many organisms have been or will be affected by global changes in 

climate (Parmesan and Yohe, 2003; Menzel et al., 2006). Plants are sensitive to changes in 

climate, especially changes in temperature, and plant phenology has been monitored and 

tracked through time using a variety of approaches, including long-term in situ observations 

of living plants (Sparks and Carey, 1995; Chmielewski and Rötzer, 2001; Rutishauser et al., 

2009), citizen-science networks (Mayer, 2010; Haggerty et al., 2013), satellite imagery 

(Stöckli and Vidale, 2004; Studer et al., 2007; White et al., 2009), and herbarium specimens 

(Lavoie and Lachance, 2006; Panchen et al., 2012; Hufft et al., 2018).  

Because of their long temporal record and expansive geographic range, herbarium 

specimens have been used to detect species-specific shifts in phenology through time in 

response to changing climate (Lavoie, 2013; Willis et al., 2017; Jones and Daehler, 2018). 

Herbarium-based studies have detected temporal advancement in phenology and have 

quantified the sensitivity of phenology to climatic parameters such as temperature and 

precipitation. Given the value of herbarium specimens studying the effects of climate change 

on the seasonal cycles of plants, several recent collaborative efforts have aimed to digitize 

and to provide electronic access to the images and label information of millions of 

herbarium specimens currently housed in separate herbaria (Willis et al., 2017; Yost et al., 

2018). If these efforts are successful, then herbarium specimens will be widely available for 

study and provide a wealth of easily accessible new data with which to investigate 

phenological patterns over space and time. 
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Herbarium-based studies designed to link phenology to local climatic conditions 

typically rely on the day of year of collection (DOY) of specimens that were collected in 

flower.  In these studies, DOY is considered to be a proxy for first flowering date (FFD) or 

the date of peak flower (DPF) (Primack et al., 2004; Diskin et al., 2012; Davis et al., 2015), 

two phenological events that are commonly used to track phenology in field-based 

observations. The DOY is then used as a dependent variable and regressed against either the 

year of collection or one or more climate parameters during the year of specimen collection 

(or during the months preceding it) in order to detect temporal shifts in phenology or to 

quantify the sensitivity of plants to specific climatic parameters.  

Using DOY as a proxy for flowering time is problematic because reproductive 

herbarium specimens may have been collected at any point between bud formation and fruit 

ripening; therefore, the DOY may not accurately represent either FFD or DPF. We can use a 

hypothetical regression to visualize two inaccuracies that may occur by using the DOY of 

reproductive specimens as a proxy for either of these phenological metrics (Figure 1).  First, 

the DOY of a flowering specimen will always and necessarily be on or after its true FFD 

(Figure 1a).  Second the DOY may be before, after, or on the true DPF (Figure 1b-d).  

Specimens may be preferentially collected before the true DPF if the floral structures are 

fragile or ephemeral, and may be preferentially collected after the true DPF if fruits are 

necessary for correct plant identification or are particularly showy (Figure 1b and 1c, 

respectively). If specimens are collected evenly throughout their reproductive period, then 

DOY may accurately predict the true DPF (Figure 1d).  

Figure 1 demonstrates a case in which DOY and FFD or DPF are strongly positively 

correlated among specimens, but DOY does not accurately predict either FFD or DPF 
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because specimens may not be collected on their true FFD or DPF. If this situation is 

common, then assuming that DOY accurately represents FFD or DPF when investigating 

relationships between phenology and climate would reduce the explanatory power of the 

resulting models because of the high variation in phenological stage among herbarium 

sheets, and the fact that variation in DOY caused by variation in the actual phenophase of 

collection (i.e., FFD or DFP) is conflated with variation in the timing of collection of a given 

specimen relative to the actual timing of FFD or DFP. This effect is likely to be particularly 

intense among species that exhibit long flowering durations, as longer flowering durations 

increase the maximum potential difference in the timing of collection DOY from the DOY 

of actual FFD or DFP.  We can see an example of how variation among sheets impacts these 

analyses by looking at studies that investigate relationships between phenology and climate 

using both the estimated peak flowering date from herbarium specimens and the true peak 

flowering date from field observations. Robbirt et al. (2011) compared sensitivities of 

Ophrys orchids using both herbarium specimens and field data. They recorded the DOY of 

collection of herbarium specimens that were assumed to be in peak flower (excluding those 

specimens for which fewer than 60% of flowers were open) but likely included specimens 

that were collected both pre- and post-peak flowering. Data recorded from field-based 

observations, by contrast, represented the true dates of peak flower.  When the flowering 

date derived from each dataset was regressed (separately) on temperature, both datasets 

showed a negative relationship between flowering date and temperature, but temperature 

explained four times more variation in flowering date in the field-data based model than the 

herbarium-data based model (58.6% vs. 13.4%, respectively), presumably because it did not 

conflate variation in actual DPF with variation caused by sample collection that occurred 
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before or after DPF. High variation among the phenological status of herbarium sheets is 

one potential reason for the low explanatory power of models constructed with herbarium-

derived data. Another potential factor includes the possibility that herbarium-derived data, 

which are often distributed across broader spatial extents than field-based data, may 

therefore also differ from many field-based data with respect to the range of climatic 

conditions represented. 

Reducing — or controlling statistically for — variation among herbarium or living 

specimens in their phenological status could help to improve models and to clarify 

relationships between climate and flowering or collection date. This could be done by either 

(1) restricting datasets to include only those specimens collected at a specific phenological 

stage or (2) incorporating into statistical models a quantitative metric that estimates the 

phenological status of individual specimens or plants. Given that herbarium specimens are 

rarely collected precisely at first flower or at peak flowering, the first approach would 

drastically reduce the sample size used to estimate relationships between phenology and 

climate. This reduction in sample size might preclude the analysis of species represented by 

relative few specimens (e.g., < 100 sheets). In addition, because herbarium specimens 

represent an instantaneous snapshot of an individual’s phenological status, it is nearly 

impossible to determine whether an individual specimen was collected at peak flower.  

However, we can easily quantify a specimen’s phenological status by determining the 

numbers of the different classes of reproductive organs (e.g. buds, flowers, fruits) present on 

each sheet, and then converting those counts into a proportional weighted mean.  

Here, our objectives are to (1) present a protocol designed to score and to record the 

numbers of reproductive structures representing successive developmental stages on imaged 
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herbarium specimens using a plugin (Cell Counter) developed for the image analysis 

software, ImageJ; (2) to introduce a new integrated metric of a specimen’s phenological 

status – the phenological index (PI) – which is calculated using the counts derived from Cell 

Counter and allows us to control for the variation in the phenological status of collected 

specimens when testing statistical models for the effect of climatic conditions on the DOY 

of specimen collection; and (3) demonstrate how the PI can be used to construct and 

improve pheno-climatic models using a herbarium-derived dataset comprised of mountain 

jewelflower (Streptanthus tortuosus Kellogg, Brassicaceae) specimens, and (4) discuss how 

parameterized models that include the PI as an independent variable can be used as a 

predictive model and as a means to quantify the length of the reproductive period. 

In addition to demonstrating the usefulness of incorporating the PI into pheno-

climatic models, we tested the following three predictions with herbarium-derived data for 

S. tortuosus.  First, given that many studies of plant phenology report that an increase in 

local winter or spring temperatures (over time or space) induces individual plants or 

populations to flower earlier (Parmesan and Yohe, 2003; Menzel et al., 2006; Cleland et al., 

2007), we predict that, across the localities from which herbarium specimens have been 

collected, elevated spring temperatures will be associated with earlier flowering in S. 

tortuosus. The relationship between flowering date and precipitation remains unclear and 

likely differs among species and communities (Hart et al., 2014; Munson and Sher, 2015; 

Rawal et al., 2015; Matthews and Mazer, 2016). Because the majority of the S. tortuosus 

records analyzed here were collected from localities that experience a Mediterranean 

climate, their growth or reproduction in the spring and summer may be strongly influenced 

by winter water availability. Where winter precipitation is relatively low, soils dry out more 
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quickly during the following spring, and this may select for earlier flowering genotypes or 

induce earlier flowering as a plastic response (Franks, 2011; Hamann et al., 2018).  

Consequently, our second prediction is that flowering date will be positively correlated with 

total winter precipitation. Third, as differences in PI among herbarium specimens will 

account for a portion of the variation in the DOY, we predict that, for data sets comprised of 

specimens among which there is wide variation in the PI, including the PI as an independent 

variable will result in a model with a higher predictive power than models that do not 

include PI. 

 

Methods 

The phenological index — The phenological index (PI) is an integrative metric derived 

from the proportions of each class of reproductive units (in this case buds, flowers, 

immature fruits, and mature fruits) present on a preserved plant on an herbarium sheet.  The 

proportion of a given class is then weighted by an index representing the degree of 

phenological advancement of that class (e.g., buds = 1; open flowers = 2; immature fruits = 

3; and mature fruits = 4). The following equation can be used to calculate the PI for each 

plant:  

Equation1: 

∑ (px)(i)
4
i=1  = Phenological Index (PI)	

where px is the proportion of reproductive units in phenophase x and i is the index assigned 

to reproductive unit x. The value of PI therefore represents a weighted mean of all of a 

specimen’s reproductive units, where lower values are associated with early development 

and higher values are associated with more advanced development. For example, if a plant 
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has 50 buds, 40 open flowers, 10 immature fruits, and zero mature fruits, the specimen 

would have a PI of 1.6, indicating that it is fairly early in its phenological progression.  

 

Scoring Specimens — 120 Streptanthus tortuosus (Brassicaceae) herbarium specimens from 

the California Academy of Sciences (CAS) and the University of California, Santa Barbara 

(UCSB) were imaged using an ORTECH Photo e-Box Plus 1419 imaging station at the 

Cheadle Center for Biodiversity and Ecological Restoration at the UCSB. Each plant on the 

imaged sheets was scored with ImageJ using the plug-in Cell Counter by counting the 

number of buds, flowers, immature fruits, and mature fruits present on each plant (ImageJ 

version 1.52a available at https://imagej.nih.gov; Cell Counter plugin available at 

https://imagej.nih.gov/ij/plugins/cell-counter.html; Figure 2). Cell Counter, originally 

developed for counting cells on microscope images, is a simple, fast, and reliable way to 

score imaged specimens. To score each specimen, the user places digital colored markers 

that correspond to each reproductive structure and then the program sums the total number 

of markers in each category, thereby providing an accurate count of the number of buds, 

flowers, immature fruits, and mature fruits present on each plant (Figure 2). Cell Counter 

also allows the user to save the X-Y coordinates of each marker in an XML file that can 

later be recalled or edited. The protocol we developed and used to score S. tortuosus is 

provided in the supplemental materials (Appendix 1).  

The 120 S. tortuosus specimens were scored using Cell Counter according to 

definitions for each reproductive unit specific to this species (Table 1). One specimen sheet 

did not have any reproductive plants, and consequently, our final dataset contained 119 

specimens. The counts obtained from Cell Counter for S. tortuosus specimens were 
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converted into a phenological index for each plant using Equation 1. For herbarium 

specimens with more than one plant present on the sheet, the phenological index was 

averaged across all plants.  

 

Climatic Data — Each herbarium specimen was georeferenced by downloading the 

coordinates and the error radius from the California Consortium of Herbaria (CCH, 

http://ucjeps.berkeley.edu/consortium/), which is a database that contains location 

information for many California herbarium records (Figure 3). These coordinates are 

georeferenced based on the description of the location on the specimen label. These 

coordinates were then used to download site-specific climatic data from PRISM (available at 

http://prism.oregonstate.edu) during the year and previous year that each herbarium 

specimen was collected. Specifically, we extracted total winter precipitation (cumulative 

precipitation during December of the previous year, January and February) and the spring 

(March, April, and May) mean maximum temperature (Tmax). Winter precipitation was 

selected because the California Floristic Province, where S. tortuosus occurs, receives the 

majority of annual rainfall during winter months. Maximum temperature was selected 

instead of mean or minimum temperatures because this parameter has been shown to have a 

higher predictive power (R2) than other temperature parameters in large-scale phenological 

models (Park and Mazer, 2018). 

 

Statistical Analyses — In the analyses presented here, we analyzed a small proportion 

(n=119 specimens) of all S. tortuosus specimens available from the CCH for which the exact 

collection date (day, month, and year) was recorded (Figure 3). Despite this seemingly small 
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sample size, Park and Mazer (2018) demonstrated that increasing the number of specimens 

included in pheno-climatic models past 100 specimens does not further improve model 

predictive power. For each specimen, that date was converted into a day of the year of 

collection (DOY; e.g., July 4th is day 185, or 186 on leap years). The DOY was evaluated for 

normality with a quartile-quartile plot.  

We used multiple linear regressions to investigate the relationship between DOY and 

local climatic conditions in the year of collection using two distinct models. In the first 

model, we made no attempt to account for variation in phenological status among sheets; as 

such, we did not include PI in this model.  This model represented the manner in which 

phenological responses to local climate have historically been examined using herbarium 

specimens. In the second model, however, we controlled for variation in phenological status 

among sheets by including the PI for each specimen as a main effect in the model. By 

comparing the results of this second model against the baseline model that does not 

incorporate PI as a main effect, we were able to evaluate the degree to which the addition of 

PI as a main effect improved model performance or adjusts the predicted phenological 

responsiveness to differences in local climate.  We validated the predictive power of both 

models using 10-fold cross validation. Multiple linear regression analyses were performed in 

JMP Pro 13 and multiple regressions using 10-fold cross validation were performed using 

Python version 2.7.11. 

 

Results 

The S. tortuosus herbarium specimens analyzed here were collected between July 

12th, 1898 and May 9th, 1999. The day of year of collection (DOY) ranged from 88 to 253 
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(March 29th to September 10th; !̅ = 182.03 or July 1st, SD=34.55 days, Figure 4a). The 

phenological index (PI) ranged from 1.05 to 3.89 (!̅ = 2.10, SD=0.69; Figure 4b). Despite a 

relatively small sample size (n=119 specimens), we were able to capture a wide variety of 

collection dates and phenological progressions in our sample (Figure 4). The mean number 

of plants per herbarium sheet used in this study was 2.67 (SD=2.04 plants).  

To investigate the relationship between DOY and climate, we ran two multiple linear 

regressions. The first model (Model 1) includes temperature and precipitation parameters as 

main effects, while the second model (Model 2) includes the same climatic parameters in 

addition to the phenological index (PI) as main effects. Model 2 explains 31% more 

variation in DOY than Model 1 (R2 = 0.47 vs. 0.36, respectively) and has a lower overall 

Akaike information criterion (AICc, 1111.18 vs. 1132.97; Table 2a). In order to test the 

power of these models to predict the DOY of collection among specimens not used in model 

construction, both models were validated using 10-fold cross validation. The resulting 

models resulted in an even more dramatic increase in predictive power among models that 

incorporated PI relative to those that didn’t (measured by the mean R2 across all folds; 

Model 1 R2 =21%; Model 2 R2=41%; Appendix 2). 

Both models detected a significant and quantitatively similar relationship between 

DOY and spring maximum temperature; DOY advances with increased temperature. Model 

1 parameter estimates indicate that DOY advances 4.23±0.53 days/°C (F1,116=63.47, p < 

0.01) while Model 2 parameters indicate that flowering time advances 4.14±0.48 days/°C 

(F1,115=73.61, p < 0.01; Table 2).  

In both models, DOY is delayed in response to increased spring precipitation. Model 

1 parameter estimates indicate that flowering time is delayed by 1 day for every 58.8mm 
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increase in winter precipitation (0.017 ± 0.01 days/mm of precipitation, F1,116 = 7.05, p < 

0.01) while Model 2 detected that DOY is delayed by one day for every 50mm increase in 

winter precipitation (0.02 ± 0.01 days/mm, F1,115 = 11.53, p = <0.01; Table 2).  

Model 2 indicates that PI increases with DOY, independent of variation in the 

climatic variables included in the model. Among the herbarium specimens, a specimen 

advances one phenological stage (e.g., from buds to flowers or from flowers to immature 

fruits) every 17.08 ± 3.37 days (F1,115 = 25.66, p < 0.01; Table 2). This means that, on 

average, a mean of 51.24 days elapses between the appearance of buds and the complete 

conversion of these buds to mature fruits. 

While both models predicted qualitatively similar relationships between DOY and 

climate, the proportion of variance in DOY explained by each parameter in the models 

differed. In Model 1, the error variance in DOY was 22% higher than in Model 2 (62.9% vs. 

51.4%, respectively; Figure 5). Model 2 has a lower portion of unexplained variance 

because some of the unexplained variance in Model 1 is explained by the PI in Model 2. The 

PI explains 11.5% of the variance (Model 2; Figure 5b). Spring maximum temperature 

explains a lower proportion of the total variance in Model 2 than in Model 1, likely because 

some of the variance in PI was incorrectly attributed to spring Tmax in Model 1 (32.9% vs. 

34.4%, respectively; Figure 5).  

Including the PI allows us to use the parameterized pheno-climatic model to predict 

the peak DOY of S. tortuosus at a given location under either current conditions or future 

projected climate change scenarios. Given Model 2, for example, we may predict the DOY 

on which S. tortuosus will be at peak flower (estimated here by a value of PI = 2.5) at a 
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given location with a given set of climatic parameters, in this case winter precipitation 

(winter PPT) and maximum spring temperature (spring Tmax), from the following equation:  

 

Equation 2:  

DOY = 17.08*(2.5) + 0.02*(Winter PPT) – 4.14*(Spring Tmax) + 179.2,  

 

where 2.5 is a hypothetical value of PI for peak flowering. By inputting forecasted 

temperature and precipitation parameters for a given location from projected climate 

models, we can predict a species peak flowering time – or any other phenophase identified 

by a particular value of the PI – at that location. 

 

Discussion 

The work presented here was motivated by four primary objectives. First, we 

developed a protocol to score the phenological status of imaged herbarium specimens by 

first counting the number of reproductive organs representing different developmental stages 

(e.g., buds, open flowers, immature fruits, and mature fruits).  This process was facilitated 

by the use of Cell Counter, a plugin available through the free image processing and analysis 

software ImageJ. This protocol provides users a fast and easy way to reliably score imaged 

herbarium specimens. Second, we used these counts to develop a new quantitative metric of 

a specimen’s phenological status: the phenological index (PI).  We then demonstrated how it 

can be used to construct and improve pheno-climatic models in our analysis of an 

herbarium-derived dataset comprised of Streptanthus tortuosus specimens. We found that 

while including the PI as an independent variable in a pheno-climatic model does not appear 
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to dramatically alter the resulting model coefficients, it does provide a substantial 

improvement to the model’s predictive power by accounting for variation in DOY caused by 

collection of specimens at different phenological stages. Third, we tested a series of 

predictions concerning the phenological response of S. tortuosus to local climate. We found 

that warmer spring maximum temperatures and drier winters during the year of specimen 

collection advance the reproductive phenology of S. tortuosus across its range. Finally, we 

demonstrated how pheno-climatic models constructed with the PI as an independent variable 

can be used to estimate the length of the reproductive period as well as forecast the day of 

year of onset of any reproductive phase for any given set of climatic conditions. 

 

Relationship between climate and flowering date — Even given the relatively small sample 

size analyzed here, we were able to detect highly significant associations between local 

climatic conditions in the year of specimen collection and the DOY of our focal specimens 

of S. tortuosus. The DOY of sampled herbarium specimens advances with increased 

temperature and is delayed with increased precipitation, which corroborates our predictions 

concerning the relationship between flowering date and climate. The sensitivity of DOY to 

temperature observed in S. tortuosus is consistent with that observed in other herbarium-

based studies of intraspecific variation in phenology in relation to climate. For example, 

Matthews and Mazer (2016) found that, among herbarium specimens collected in flower, the 

sensitivity of Trillium ovatum to temperature is -4.74 days/°C.  Similarly, Gaira et al. 

(2014)investigated species’ sensitivity to temperature in Rhododendron arboreum using 

herbarium specimens and found that increasing temperature advanced flowering date (-4.26 
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days/°C). Both of these studies detected similar sensitivities to temperature to that detected 

in S. tortuosus (-4.14 days/°C in Model 2; Table 2b).  

 In many species, the relationship between phenology and precipitation remains 

unclear and can be highly species- or community-specific (Hart et al., 2014; Munson and 

Sher, 2015; Rawal et al., 2015; Matthews and Mazer, 2016; Hufft et al., 2018). Similar to 

the pattern detected here, Matthews and Mazer (2016) found that increased precipitation 

delays flowering time in T. ovatum. Across a diverse group of alpine species, Hufft et al. 

(2018) also found that precipitation delayed flowering time (0.02 days/mm). Surprisingly 

few herbarium-based studies have investigated the impact of precipitation on phenology. 

Moreover, none have investigated this relationship within water-limited ecosystems such as 

California, where precipitation may be expected to be an important factor affecting 

reproductive phenology (Mazer et al., 2015). Expanding herbarium-based studies to 

investigate phenology-precipitation relationships will help us to gain a deeper understanding 

of how species will be impacted by future climate changes. Newly available high-resolution 

climate data (e.g., PRISM and ClimateNA) will facilitate the testing of more complex 

models and the detection of more subtle relationships between climate and the timing of 

distinct phenophases (Wang et al., 2016). 

 

Calculating and incorporating the phenological index (PI) into phenological models — 

Here, we provide a simple and readily available method to score imaged herbarium 

specimens using the free image-analysis software program, ImageJ, and the available plug-

in, Cell Counter. Cell Counter allows its user to use point-and-click movements to 

accurately count the numbers of reproductive organs representing each of any number of 
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distinct phenological phases, as specified by the user.  Because of the ease and simplicity of 

this protocol, it could be easily incorporated into workflows that include scoring by citizen 

scientists, especially with the forthcoming widespread availability of imaged herbarium 

specimens though data aggregators such as Integrated Digitized Biocollections (iDigBio; 

www.idigbio.org) and Global Biodiversity Information Facility (GBIF; www.gbif.org).  

The counts derived from Cell Counter may then be used to calculate a phenological 

index (PI) that represents a weighted mean of the combined counts (as demonstrated by 

Equation [1]). This protocol can be adapted to many species and would work especially well 

for those with clear, large, and easily counted reproductive structures or compound 

reproductive structures (such as those found in the Asteraceae family). Species that may be 

difficult to score are those with small or indistinct reproductive structures or those for which 

the transitions between phenophases are ambiguous. 

When PI was included in the pheno-climatic model tested here (Model 2), this 

variable accounted for 11.5% of the variance in flowering date among S. tortuosus 

specimens (Figure 5b). A far higher proportion of the total variance in DOY (38.05%) was 

explained by climatic parameters.  Inclusion of the PI reduced the overall error in the model 

while improving its predictive power. However, in the data set analyzed here, including the 

PI did not drastically change the regression coefficients of the climatic parameters in the 

model. Similarly, Pearson (2019) and Ellwood et al. (2019) both found that models 

including finer-scale phenological coding (e.g., including only those specimens with >50% 

flowers) were statistically similar to those models that did not include this finer-scale 

coding. Thus, these results indicate that herbarium-based phenological models that do not 

incorporate PI still provide accurate assessments of phenological responsiveness to local 
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climate. At the same time, the inclusion of PI not only reduces the amount of unexplained 

variance in the resulting pheno-climatic model, but also increases the power of such models 

to predict the timing of specific phenological events such as flowering onset, peak 

flowering, or flowering termination. Additionally, inclusion of the PI allowed us to estimate 

the average total length of the reproductive phase of S. tortuousus specimens as ~51.24 days 

long. This estimate offers a way to test predictions concerning how climate may influence 

not only the mean flowering date of focal species but also the length of the reproductive 

phase, which could be especially useful for investigating intraspecific geographic, temporal, 

and/or climate-induced variation in the duration of the reproductive phase. For example, we 

may predict that, among widespread montane species such as S. tortuosus, specimens 

collected from more alpine environments will have a shorter reproductive phase than those 

collected from lower elevations due to the shorter growing season at high elevations 

(Hunsaker et al., 2012). This prediction could be tested by separating conspecific datasets 

into groups of specimens representing differing elevations (e.g., high and low elevation). 

The regression coefficient of the PI may differ between models constructed using these 

datasets, thereby demonstrating how the duration of reproduction may also differ among 

them. 

 Including the PI in pheno-climatic models allows us to create a predictive model that 

we may use to forecast the DOY of peak flower (or for plants representing any specific 

value of the PI) for S. tortuosus. By including only two climatic parameters, we were able to 

construct a model that predicts the day of year of peak flowering among our sampled 

herbarium specimens with 47% accuracy (Table 2a, Equation 2). With a larger dataset, we 

can improve these models by including other climatic parameters such as relative humidity, 
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vapor-pressure deficit, or winter or summer temperature. Given the millions of herbarium 

specimens now available for research, these pheno-climatic models can be constructed for 

many species, and ultimately combined to give us a broader understanding of how climate 

change may affect not only the reproductive phenology of individual species but also the 

collective phenology of plant communities (Park and Mazer, 2019). 

 One of the main goals of herbarium-based studies is to investigate long-term shifts in 

flowering date through time to determine whether the seasonal cycles of plants have been 

affected by recent temperature increases. Some of these studies have successfully detected 

advances in flowering date through time (Molnár et al., 2012; Panchen et al., 2012; Searcy, 

2012) while others have failed to find an effect even for species that were found to be 

sensitive to changes in temperature (Hart et al., 2014; Davis et al., 2015; Park and Schwartz, 

2015). For example, Hart et al. (2014) found that the flowering date of Rhododendron 

species was sensitive to changes in annual average temperature (-2.27 days/°C); therefore, 

they expected that, because mean temperature had increased during the study period (1952-

2009), they would detect a temporal advance in flowering date. However, they failed to 

detect a statistically significant phenological shift. The variation in phenological stage 

among specimens may have obscured the true relationship across the sampled decades. 

Including the PI may be especially useful in models designed to detect shifts in flowering 

date through time because such shifts are likely to be small and difficult to detect. 

Consequently, reducing the error variance in the model due to variation among specimens in 

their phenological status will likely improve our ability to detect temporal shifts in flowering 

date while also helping to improve the fit and accuracy of pheno-climatic models. 
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Because of their extensive geographic, temporal and taxonomic record of plant 

occurrences, herbarium specimen-based studies provide a promising way to investigate the 

relationship between flowering time and climate. The new metric introduced here, the 

phenological index (PI), should reliably reduce error variance in flowering date derived from 

herbarium collections and improve the predictive capacity of phenological models. Although 

scoring reproductive phenology using the ImageJ protocol described here does require 

considerable effort, promising improvements in the automated annotation of specimens with 

deep learning will expedite the scoring process and ultimately provide us with high-

resolution phenological data with which to construct phenological indices (PIs) and to 

improve pheno-climatic models (Lorieul et al., 2019). 

  In our multivariate models for S. tortuosus, the inclusion of PI as an independent 

variable reduced the resulting error variance in the DOY among specimens while increasing 

the model’s predictive power and decreasing the AICc. The PI also provides a way to 

quantify the reproductive period of plants from herbarium specimens, and allows us to 

estimate not only how climate affects flowering dates but also how climate may affect the 

length of the reproductive period. Moreover, pheno-climatic models constructed with the PI 

can be used to forecast the DOY of a specific phenophase, given any specified set of 

climatic parameters. 
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Tables, Figures, and Appendices 

Table 1. The definitions for buds, flowers, immature fruits, and mature fruits used for 

scoring Streptanthus tortuosus specimens. 

Reproductive Unit Definition 

Bud 
Unopened flower with no petals visible. Must 

be greater than 2mm in length to be counted. 
  

Flower 
Petal tips visible and/or anthers visible, with 

the filaments still attached to the receptacle 
  

Immature Fruit 

Immature ovary with no perianth parts or 

filaments attached to the receptacle. Contains 

seeds that are not yet mature. 
  

Mature Fruit 

Silique with mature seeds and an arc shape. 

Maturity can be determined if fruit has any 

evidence of dehiscence or if swollen, mature 

seeds cause a wavy silique margin. 
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Table 2. Results from the multiple regressions designed to detect the effects of Tmax and 

precipitation on the DOY of specimen collection. Model 1 does not account for variation in 

phenological stage among specimen sheets while Model 2 accounts for this variation by 

including the phenological index (PI) as a main effect. 

a.  

Analysis of Variance 
Source df 

Sequential 
SS F ratio P value 

Model 1     
Winter Precipitation 1 5,389 7.05 <0.01 
Spring Tmax 1 48,477 63.47 <0.01 
Error 116 88,596   

R2    0.36 

AICc    1132.97 

Model 2         
Phenological Index (PI) 1 16,164 25.66 <0.01 
Winter Precipitation 1 7,263 11.53 <0.01 
Spring Tmax 1 46,365 73.61 <0.01 
Error 115 72,432   

R2    0.47 

AICc    1111.18 

 

b.  

Parameter Estimates 
Term Estimate SE t ratio Prob > |t| 

Model 1     
Intercept 218.09 7.77 28.06 <0.01 
Winter Precipitation 0.017 0.01 2.66 <0.01 
Spring Tmax -4.23 0.53 -7.97 <0.01 
Model 2         
Intercept 179.2 10.43 17.19 <0.01 
Phenological Index (PI) 17.08 3.37 5.07 <0.01 
Winter Precipitation 0.02 0.01 3.4 <0.01 
Spring Tmax -4.14 0.48 -8.58 <0.01 
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Figure 1. The hypothetical relationships between DOY (x-axis) and (a) first flowering date 

(FFD) and (b-d) day of peak flowering (DPF). The dotted line shows a 1:1 relationship, 

where DOY is a perfect proxy for the dependent variable. Figure 1a shows that the FFD is 

necessarily earlier than the DOY (there are no values of DOY that are above the line 

representing the 1:1 relationship between FFD and DOY).  Figure 1b-d show the three 

hypothetical relationships between DPF and DOY where DOY may be (b) before, (c) after, 

or (d) on the true DPF but is rarely an accurate representation of the true DPF. 
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Figure 2. An example of a specimen scored with the ImageJ plug-in, Cell Counter 

(CAS0087560) showing (a) the entire herbarium record sheet and (b) a close-up of a group 

of scored branches. Each reproductive unit is labeled as a bud (1), flower (2), immature fruit 

(3), or mature fruit (4). This specimen (which is assumed to represent one plant) has 0 buds, 

12 flowers, 7 immature fruits, and 26 mature fruits. It has an integrated phenological index 

of 3.31, which indicates a relatively late stage of phenological progression. The X-Y 

coordinates of all of the individual markers can be saved as an XML text file, which can 

then be recalled or edited. 
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Figure 3. Locations of the collection sites of the Streptanthus tortuosus herbarium 

specimens used in this investigation (black points; n=119) and of all georeferenced S. 
tortuosus specimens currently available in the California Consortium of Herbaria (CCH) 

database (gray points, n=1719).  Our sample represents the geographic and climatic range of 

S. tortuosus well. 
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Figure 4. The distribution of (a) the day of year of collection and (b) the phenological index 

of the S. tortuosus herbarium specimens analyzed here (n=119 specimens). The mean DOY 

is 182.03 days and the mean PI is 2.10. 

 

 

 

 
Figure 5. The proportions of variance attributed to each main effect and the model error in 

(a) Model 1 and (b) Model 2. Including the PI in the model reduces the proportion of total 

variance in DOY attributed to error. 
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Appendix 1. Scoring phenology on Streptanthus tortuosus herbarium specimen images 

using the ImageJ plugin Cell Counter 

 

Required software: Download ImageJ at the following link. Choose the operating system 

appropriate for your computer. Follow the install instructions 

 

https://imagej.nih.gov/ij/download.html  

 

OR Download Fiji (comes with Cell Counter already installed) 

https://imagej.net/Fiji/Downloads 

 

Download the required Cell Counter plug-in here: 

https://imagej.nih.gov/ij/plugins/cell-counter.html 

 

Part I: Installing the software and integrating the plugin (on Mac) 
1. Download ImageJ from the NIH website and drag the entire downloaded folder to 

your “Applications” folder (Note: if you downloaded Fiji, you can skip the plugin 

integration steps here because Cell Counter is already installed – skip to step 4) 

 

2. Open the “ImageJ” folder in “Applications.” Open the “Plugins” folder and then 

open the “Analyze” folder. Drag the “Cell_Counter.jar” file plugin that you 

downloaded from your downloads folder into the “Analyze” folder. 

 

3. There is an apparent bug in the software that prevents the immediate use of the 

plugin. To use the plugin, first drag the ImageJ application (the application itself has 

a microscope icon) out of the “ImageJ” folder in which it is located. For example, 

drag it into the “Applications” folder and then drag it back to the “ImageJ” folder.   

4. Launch the plugin by accessing the Plugins Menu:  Open ImageJ Plugins -> 
Analyze, where you should see the Cell Counter plugin as an option. 

 

Part II: Opening and Navigating Images 
1. Open ImageJ. 

 

2. Assemble your herbarium specimen images (saved as JPEG files) in a conveniently 

located folder.   Open a specimen image in ImageJ either by using the File menu 

(Select “File -> Open” and navigate to the folder with the images to select the 

desired image) or by dragging an image file onto the ImageJ icon. 

 

3. Adjust the scale of the image so you can see it large and clear on your screen. Do this 

by clicking the lower left corner of the image and enlarging the viewing window to 

about half of your screen (be careful not to cover the tool bar completely). You will 
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notice that the image does not scale with the window. To fix this, select “Image -> 

Zoom -> Scale to fit” 

 

 
 

4. Practice navigating around the image using the tool bar. Select the “magnifying 

glass” tool and practice zooming in and out using the + and – keys. Select the “pan” 

tool (hand symbol) to practice moving around within the image viewer. You can also 

use the pan tool by holding down the spacebar and moving your mouse.  

 

Part III: Setting the Scale 
1. Set the scale so you can overlay a digital grid on the specimen image. Zoom into the 

black and white scale bar at the top of the specimen’s image. Select the “Straight” 

segment tool from the tool bar and use the cursor to drag a line along the scale from 

0cm to 5cm.  Once this line is created, you may set the scale by selecting (from the 

Menu bar) Analyze -> Set Scale.  In the dialogue box, fill in “Known distance” with 

the value “5” and “Unit of length” with “cm”. Click the “Global” box to set this 

measurement for your entire session. Then click “OK”.  
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2. Test your scale.  Using the “Straight” segment tool, draw a line along the scale bar.  

In the example below, a yellow line has been drawn along a 2-cm length of the scale 

bar.  Then select Analyze -> Measure.  A “Results” box will be displayed.  Check to 

make sure that the measurement shown in the “Length” column matches the scale 

measurement. The units in the Length column are the units you set in the “Set Scale” 

dialogue box during step 5.  

 

 
 

 

 

Step IV: Scoring Images 
 

1.  Add a grid to the image to help you navigate and keep track of regions within the 

specimen image that you have already counted by selecting Analyze -> Tools -> 

Grid.  The “Grid” dialogue box below generated a grid comprised of 17.58 cm2 

squares, but the size of the grid cells may be adjusted depending on the user’s 

preference. Note: If an error message appears when adding the grid, then you need to 

set the scale first (see Part III). 
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2. Now, you’re ready to start counting the numbers of each category of reproductive 

organ.  If there is more than one plant mounted on a herbarium sheet, then count the 

reproductive organs on each plant separately. Steps 3-10 provide instructions for 

how to conduct the counts for the first plant; instructions for how to count the 

reproductive organs on the subsequent plants are presented at Step 12. You will use 

the “Cell Counter” plugin to keep track of your counts. Select Plugins -> Analyze -> 

Cell Counter. This will display the Cell Counter dialogue box. 

 

3. In the dialogue box, check the “Keep Original” and “Show Numbers” boxes and then 

press “Initialize” to start the counting. This will create and open a copy of the image 

called “Counter Window – file name.”  

 
Note: You cannot use the measure tool while you are using Cell Counter. If you need 

to measure a bud to see if it is greater than 2mm (or whichever threshold size you are 

using to identify a given organ type or phenophase), you can measure it on the 

original image. To measure a bud on the original image, select the Straight segment 

tool and draw a line along the length of the bud. Select Analyze -> Measure. This 

will display a results table with the length of the line in the last column. Recall that, 

in this example, the units are in centimeters (i.e., a length of 0.68 = 6.8mm). Any bud 

greater than 0.2cm in length should be counted. You don’t need to save 

measurements. 

 

4. You will have to expand the window and select Image -> Zoom -> Scale to fit to 

make the new Counter Window image as large as possible. 

 

5. You can begin counting in the first grid cell that contains reproductive organs. Select 

“Type 1” to start counting the buds. Click on bud to add a marker.  For consistency, 

always add the marker to the tip of the bud. For each marker you add, notice that the 

number in Cell Counter window to the right of “Type 1” increases by one. Buds will 

be classified as “Type 1”, open flowers as “Type 2”, immature fruits as “Type 3”, 

and mature fruits as “Type 4.” Because we are only counting 4 types of reproductive 
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organs, you can delete the other marker types by clicking “Remove” in the Cell 

Counter window. 

 
Note: If you place an erroneous marker, you can press the “Delete” button, which 

will delete the last point you made, or you can check the “Delete Mode” box, which 

will allow you to delete any point of the selected marker on which you click using 

the cursor. 

 

 
 

6. After you count the buds in the first grid cell, change the counter to “Type 2” to 

count the flowers. Add a point to the top each flower. 

7. Change the counter to “Type 3” to count the immature fruits.  In each grid cell, place 

a marker at the distal end of each immature fruit. Note: Because Streptanthus fruits 

often span more than one grid cell, it is important to make consistent decisions 

regarding in which grid cell a given fruit is counted. Given that leaves or other 

foliage often obscure the bases of fruits, identifying (and counting) each fruit by 

placing a marker at its distal tip can help users to avoid missing a fruit or counting a 

given fruit twice. In the image below, Cell Counter has been used to place a bright 

magenta marker at the distal end of each mature fruit in the grid cell displayed. 
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8. Now add a marker at the distal end of the mature fruits in the grid cell. For mature 

fruits, change the counter to Type 4.  

 

9. Progress to the next grid cell and change the counter back to Type 1 and add a point 

to all of the buds. Then continue adding markers to count the open flowers, immature 

fruits, and mature fruits in this cell, remembering to change the “Type” as needed for 

each phenophase.  You should follow the grids from top to bottom, left to right for 

each plant. Tip: Remember that you may “pan” around the image by holding down 

the spacebar and dragging the image. You can use the scroll bar to scroll up and 

down through the image. You can zoom in and out by using the command key ⌘ 

and the “+” and “-” keys. 

 

10. When you are finished adding markers to all of the reproductive organs borne by the 

first plant examined on the herbarium sheet, click the “Results” button in the Cell 

Counter dialog box. This will open a new window in which the numbers of each 

phenophase are displayed.  Copy and paste these numbers into a spreadsheet. 
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11. Save the location of the count markers by clicking the “Save Markers” button in the 

“Cell Counter” dialogue box. This will save the counts as an XML file. Save the 

count file as “AccessionNumber_plant1.”   Note that the counts for the remaining 

plants on this herbarium sheet should be saved as “AccessionNumber_plant2,” 

“AccessionNumber_plant3,” etc. Be sure to delete the “Counter Window” text in the 

file name. 

 

12. After saving the counts recorded from the first plant, you may move on to the 

remaining plants on the herbarium sheet (if present). In the “Cell Counter” dialogue 

box, click “reset” to delete the points and to reset the counters. Start the protocol 

again at Part IV – Step 5. Do NOT click initialize again. Continue for each plant on 

the sheet, saving the points recorded on each plant as an individual XML file.  

 

13.  When you are finished counting a single sheet, move the XML count files to a folder 

dedicated to these XML files.   

 

Part V: Recalling and editing XML files  
1. To recall the XML marker files an image, first open the JPEG of the herbarium 

specimen sheet in ImageJ or Fiji. 

 

2. Go to Plugins -> Analyze -> Cell Counter to open up the Cell Counter dialogue box. 

 

 

3. Click “Initialize” in the Cell Counter window 

 

4. Click “Load Markers” and navigate to the folder where the XML files are saved and 

select the corresponding XML file for the current image. 

 

Note: If you receive the error “These Markers do not belong to the current image” 

then there may be a fixable error in your XML file. To fix the error, open the XML 

file in any text editor program (e.g., Notepad, TextEdit, or Fiji) and inspect the 
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Image_Filename listed in the XML file. The Image_Filename should match exactly 

the file name of the herbarium specimen image. Any extra text such as “Counter 

Window” or “(1)” will cause an error.  

 
Extra text may appear in the Image_Filename if, for example, the user clicks the 

“Initialize” button twice while scoring an image. Extra text may also appear in the 

Image_Filename if the image has been downloaded more than once to a given folder 

(indicating a new version number). You may modify or modify the image file name 

that appears in the XML file to make sure that it matches exactly the file name of the 

corresponding saved image. In the example displayed below, loading XML markers 

to an image with the name “CAS0087812.jpg” will be successful because the 

Image_Filename (“CAS0087812.jpg”  in the red box) matches our image file name 

exactly.  

 

 

 

5. You can also edit the XML files. To do this, recall the XML files to the image as 

described above. You can add new markers or delete current markers using the 

“Delete Mode” function. Click “Save Markers” and save a new version of the XML. 
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Appendix 2. Python script for the ten-fold cross-validation for pheno-climatic Models 1 

and 2. 
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Chapter 2: Region-specific phenological sensitivities and rates of climate 

warming both contribute to divergent temporal shifts in flowering date 

throughout a species’ range 

By Natalie L.R. Love and Susan J. Mazer 

Abstract 

Shifts in flowering and fruiting phenology in response to directional climate change during 

the past century have been reported in many taxa and ecosystems, however, forecasting how 

species will respond to future changes in climate is still a major challenge. Many studies 

have focused on estimating species- and community-wide phenological sensitivities to 

climate in order to make such predictions, but we know little about whether sensitivities 

vary within species and whether this could result in divergent phenological responses to 

climate change. In this study, we used 743 herbarium specimens representing a 112-year 

collection period of the mountain jewelflower (Streptanthus tortuosus, Brassicaceae) to 

investigate whether individuals sampled from relatively warm and relatively cool regions 

differ in their sensitivity to climate, if so, whether this has resulted in divergent rates of 

phenological change over time in response to directional climate warming. During the past 

century, individuals sampled from warm regions exhibit a 20-day advancement in flowering 

date, but we found no evidence of advancement among sampled plants in cool regions. We 

evaluate the roles of two potential drivers of detected divergent temporal responses in warm 

vs. cool regions: (1) differences in the degree of phenological sensitivity to climate and (2) 

differences in the magnitude of climate change experienced by plants, or (3) both. Plants 

sampled from warm regions exhibit higher sensitivities to temperature-related variables than 
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those from cool regions. In addition, plants sampled from warm regions have experienced a 

greater degree of climate warming than those from cool regions. Our results suggest that the 

greater temporal shift in flowering date in warm regions is driven both by their greater 

sensitivity to climate and the greater degree of climate warming experienced by these plants. 

Our results are among the first to demonstrate that species exhibit intraspecific variation in 

sensitivity to climate and that it can contribute to divergent responses to climate change. 

Future studies attempting to predict temporal shifts in phenology, whether at the level of an 

individual species or on a community-wide scale, should consider intraspecific variation. 

 

Introduction 

Evaluating changes in plant phenology is a powerful way to assess the impact of 

climate change on terrestrial ecosystems because climate and phenology are intimately 

linked (Menzel et al., 2006, 2020; Cleland et al., 2007). Shifts in flowering and fruiting 

phenology in response to directional climate change during the past century have been 

reported in many taxa and ecosystems (Chmielewski and Rötzer, 2001; Fitter, 2002; 

Primack et al., 2004; Forrest et al., 2010; Beaubien and Hamann, 2011; CaraDonna et al., 

2014). These shifts can have ecosystem-wide consequences by altering or disrupting plant-

pollinator interactions (Miller-Rushing et al., 2010; Huang and Hao, 2018; Kehrberger and 

Holzschuh, 2019; Kudo and Cooper, 2019), and by influencing competitive interactions 

among co-flowering plants (such as competition for resources like pollinators; Forrest et al., 

2010; CaraDonna et al., 2014). 

Forecasting how species will respond to future changes in climate and predicting the 

ecosystem-wide consequences of these changes are still major challenges (Ibáñez et al., 
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2010; Pau et al., 2011; Wolkovich et al., 2014). However, several recent discoveries indicate 

that such predictions eventually may be within reach.  For example, estimates of multiple 

species’ phenological sensitivity to local climate conditions (i.e., the absolute change in the 

flowering onset date in response to each one-degree increase in temperature) indicate that 

species differ with respect to how climate influences the timing of their reproduction (Cook 

et al., 2012; Wolkovich et al., 2012; Park and Mazer, 2018). Generating a sufficient number 

of regional and site-specific estimates of phenological sensitivity to temperature for a wide 

range of taxa would improve our ability to predict how the flowering onset dates of entire 

communities will respond to climate change (Hufft et al., 2018). Similarly, studies of 

climate-induced phenological mismatches between plants and their pollinators show that 

mutualistic species interactions can be disrupted by climate change (Kudo and Ida, 2013; 

Inouye, 2019; Kehrberger and Holzschuh, 2019). Given estimates of the phenological 

sensitivities of mutualistic (plant-pollinator or plant-disperser) or antagonistic (e.g., plant-

herbivore) species pairs or networks, we may be able to forecast the effects of future 

climatic conditions on these species’ associations. Estimating phenological sensitivity is a 

critical first step to predicting how future changes in climate will affect the direction and 

magnitude of phenological shifts and forecasting how these changes may affect ecosystem-

wide processes (Menzel et al., 2006; Forrest and Miller-Rushing, 2010; Forrest et al., 2010; 

Ibáñez et al., 2010; Mazer et al., 2013; Park et al., 2019).  

Previous studies investigating phenological sensitivity to climate have largely 

focused on estimating species-wide sensitivities (Menzel et al., 2006; Cook et al., 2012; 

Wolkovich et al., 2012; Zhang et al., 2015); however, few studies have been designed to 

determine whether sensitivities vary within species (but see Wang et al., 2015; Prevéy et al., 
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2017; Park et al., 2018; Rafferty et al., 2020; Song et al., 2020) and the consequences of 

such intraspecific variation in sensitivity to climate are not well understood. Variation in 

phenological sensitivity within species may be as high as variation in sensitivity among 

species (as demonstrated by Park et al., 2018), and this could result in unequal shifts in the 

timing of reproduction across a species’ range whereby some populations advance or delay 

their flowering date more quickly than others (Park et al., 2018; Rafferty et al., 2020). 

Population-specific responses to climate change could reduce phenological synchrony 

among populations, altering gene flow patterns as well as disrupting beneficial and 

antagonistic interspecific relationships (Rafferty et al., 2020).  Therefore, determining 

whether species exhibit intraspecific variability in sensitivity to climate is likely to improve 

our ability to predict both short- and long-term effects of climate change on the phenology 

of plant populations and communities. In addition, such studies could help land managers to 

identify regions within species’ ranges that are predicted to experience greater (or lesser) 

phenological shifts in response to climate change and manage these areas accordingly 

(Morellato et al., 2016; Olliff‐Yang et al., 2020). 

Recently, the availability and demonstrated reliability of digitized herbarium records 

has sparked interest in the use of herbarium-based data to estimate species’ phenological 

sensitivities to a myriad of climate variables including temperature (Robbirt et al., 2011; 

Davis et al., 2015; Rawal et al., 2015; Park et al., 2018; Daru et al., 2019), the number of 

frost-free days (Park and Mazer, 2018), precipitation as snow (Park et al., 2018), growing 

degree days (Mulder et al., 2017; Hufft et al., 2018), and precipitation (Matthews and 

Mazer, 2016; Love et al., 2019). Given the deep temporal record and broad spatial sampling 

provided by herbarium records for some of the more well-collected species (e.g., those 
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represented by 500 specimens or more), these records offer an unprecedented opportunity to 

explore whether species exhibit intraspecific, regional variation in phenological sensitivity 

to climate and, if so, whether they exhibit geographic variation in the rate of phenological 

change over time. In one example, Park et al. (2018) used over 7000 herbarium records 

representing 30 flowering species spread across a broad latitudinal range (~30-48°N) in the 

Eastern United States and found that, within species, populations experiencing chronically 

warmer conditions at lower latitudes are more sensitive to spring temperature than those 

experiencing chronically cooler conditions at higher latitudes. Due to these regional 

differences in sensitivity, Park et al. (2018) predicted that populations in chronically warmer 

regions of a given species’ range will advance their phenology more rapidly than 

populations in chronically cooler regions in response to large-scale warming.  

Despite the potential consequences of intraspecific variation in climate sensitivity, 

few studies have explicitly assessed whether species exhibit differences in sensitivity among 

populations (Park et al., 2018; Rafferty et al., 2020; Song et al., 2020), and none have used 

the spatial breadth and temporal depth represented by herbarium specimens to test whether 

differences in sensitivity may have already resulted in divergent temporal shifts in response 

to climate change during the past century. In the current study, we aim to fill this gap and 

also to test the prediction (derived from Park et al.’s observations) that individuals sampled 

from relatively warm regions of a species’ range exhibit greater phenological advancement 

in response to historical temperature increases than those sampled from cooler regions. We 

accomplished this using 743 herbarium records representing a 112-year collection period of 

the mountain jewelflower (Streptanthus tortuosus Kellogg; Brassicaceae), a montane 

wildflower species that spans a wide geographic and climatic range in California.  First, we 
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evaluated whether individuals sampled from sites characterized by chronically warm vs. 

cool conditions differ with respect to their temporal shifts in phenology during the past 

century. This analysis detected that individuals sampled from warm regions of this species’ 

range exhibited greater phenological advancement than those sampled from cooler regions. 

Given this observed difference, we then evaluated the relative importance of two, non-

mutually exclusive potential drivers of these divergent temporal responses: (1) regional 

differences in the degree of phenological sensitivity to climate among individuals sampled 

from warm vs. cool regions, (2) regional differences in the magnitude of climate change 

experienced by individuals sampled from warm vs. cool regions during the period of 

collection, or (3) both.  To evaluate the potential role of these mechanisms in driving the 

observed divergent responses, we used these herbarium records to assess whether sensitivity 

to climate differs between individuals sampled from warm vs. cool regions, and whether 

climate change occurred uniformly across chronically warm and cool regions of the 

mountain jewelflower’s range. 

 

Methods 

Study system – The mountain jewelflower (Streptanthus tortuosus Kellogg; Brassicaceae) is 

a forb that is native to the California Floristic Province (Baldwin et al., 2012). Streptanthus 

tortuosus has three features that make it a highly suitable species with which to assess 

intraspecific variation in phenological sensitivity to climate and its potential causes and 

consequences. First, the species spans a wide variety of climatic conditions in California—

from low-elevation, relatively hot and dry foothills to high-elevation, relatively cold and 

mesic environments; consequently, we may expect that different environmental cues may 
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induce the timing of cyclical life events in different habitats, generating intraspecific, 

regional variation in climate sensitivities (the California Consortium of Herbaria, 

www.cch2.org; Global Biodiversity Information Facility, www.gbif.org). Indeed, it has been 

demonstrated that, among 21 populations of S. tortuosus across an elevation gradient, 

populations differ with respect to the environmental cues that induce seed germination 

(Gremer et al., 2020). We may similarly expect flowering phenology to respond to distinct 

environmental cues across climate gradients. Second, Streptanthus tortuosus is 

phenologically sensitive to temperature and precipitation (Love et al., 2019); however, it is 

unknown whether the degree of sensitivity varies within the species. Third, Streptanthus 

tortuosus is well represented by herbarium records that provide a spatially and temporally 

robust dataset with which to detect, if present, regional variation in phenological sensitivity 

to climate (California Consortium of Herbaria; www.cch2.org).  

  

Phenological scoring – To address our objectives, we assembled 1,322 herbarium records 

from seven herbaria (CAS, CHSC, DAV, OBI, RSA, SFV, and UCJEPS) that represent the 

spatial range of Streptanthus tortuosus (Table S1). Herbarium specimens from CAS, CHSC, 

OBI, and SFV were imaged using an ORTECH Photo e‐Box Plus 1419 imaging station 

(ORTECH Professional Lighting, Chula Vista, California, USA) at the Cheadle Center for 

Biodiversity and Ecological Restoration. Imaged herbarium specimens from DAV, RSA, 

and UCJEPS were downloaded from the California Consortium of Herbaria 2 portal (CCH2; 

www.CCH2.org). Prior to phenological scoring of herbarium specimens (described below), 

we excluded 13 specimens with blurry images, 98 specimens with a recorded collection date 

that spanned a range greater than three days (e.g., May, 1898 or May 1-15th, 1898), 20 
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specimens with no reproductive structures, and 53 specimens with highly overlapping 

reproductive structures as this makes obtaining an accurate score difficult. Other criteria for 

excluding specimens are described below. 

To score the phenological status of the remaining 1,138 herbarium specimens, we 

counted the number of buds, flowers, immature, and mature fruits borne by each plant on a 

given specimen sheet and then used these counts to calculate a quantitative metric of 

phenological progression – the phenological index (PI) –  for each plant according to the 

phenophase definitions and the ImageJ protocol presented in the first chapter of this 

dissertation (Equation 1). The PI represents the degree of phenological advancement of each 

plant on a given herbarium specimen and effectively controls for variation in phenological 

stage among specimen sheets in phenoclimatic models (Love et al., 2019). To calculate the 

PI, each class of reproductive unit was assigned a specific value from 1–4 that represents its 

phenological advancement relative to other classes (buds = 1, flowers = 2, immature fruits = 

3, and mature fruits = 4). The proportion of reproductive units in each class were then used 

to calculate a phenological index using the following equation: 

Equation 1:  

Where Px represents the proportion of reproductive units in class x and i represents the index 

value associated with that class (e.g., buds have a value of 1). A given plant with a PI of 1 

would represent a plant with only buds while a plant with a PI of 4 would represent a plant 

possessing only mature fruits. For example, a plant with four buds, nine flowers, 11 

immature fruits, and 43 mature fruits would have a PI of 3.38, which would indicate that the 

plant is relatively late in its phenological advancement. For herbarium specimens with more 
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than one reproductive plant on a single sheet, the phenological indices of all reproductive 

plants were averaged to produce a mean PI value for each herbarium record (Figure S1).  

After scoring, each herbarium specimen was georeferenced by either (1) 

downloading the latitude and longitude from the California Consortium of Herbaria 

(www.cch2.org) or (2) by extracting coordinates from the written location description on the 

specimen label using GeoLocate (www.geo-locate.org). Each set of coordinates was 

associated with a radius of uncertainty in meters to indicate the precision of the specimen 

location. We excluded 104 specimens that we were unable to georeference because the 

location description provided on the label was too general (e.g., Yosemite National Park), 94 

specimens with an uncertainty radius greater than 4,000 meters, and 197 duplicate specimen 

records. The collection date of each remaining specimen was converted into a day of year of 

collection (DOY) from 1 to 365. The resulting dataset included 776 herbarium specimens 

collected between July 4th, 1863 and August 9th, 2013 and represented the geographic range 

of S. tortuosus well (Figure 1). 

 

Climate data – We evaluated phenological sensitivity to a set of climate variables that have 

been found to be important for predicting flowering onset in other taxa (Cleland et al., 2007; 

Anderson et al., 2012; Park and Mazer, 2018). Climatic conditions (both long-term mean 

climate and climate during the year of specimen collection) at the collection location of each 

specimen were characterized by extracting site-specific climate data from Climate NA, a 

climate data source that downscales gridded PRISM data to scale-free point locations 

(Wang, Hamann, et al., 2016). To characterize the temperature during the year each 

specimen was collected (YOC), we extracted the site- and year-specific minimum (Tmin), 
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maximum (Tmax), and mean (Tave) temperatures during winter (December-February, when 

buds are developing) and spring/summer (March-August, when flowers are open and being 

pollinated). To characterize the onset and length of the growing season during the YOC, we 

downloaded the day of year of onset of the frost-free period (bFFP) and the number of frost-

free days (NFFD) at each specimen collection location (Table 1). To characterize 

precipitation during the YOC, we downloaded the cumulative annual precipitation as snow 

(PAS) and the cumulative annual precipitation (MAP, which includes PAS; Table 1). The 

earliest historical climate data available through ClimateNA is 1901, thus site-specific YOC 

data were extracted for 743 specimens with collection dates ranging from May 17th, 1902 to 

August 9th, 2013. To characterize the long-term mean or chronic temperature conditions at 

each collection site, we extracted the long-term mean (90-year; 1901-1990) of mean annual 

temperature (MAT). 

  

Delimiting cool vs. warm regions – To delimit which specimens were collected in 

chronically cool vs. chronically warm regions of the mountain jewelflower’s range, we first 

used the long-term mean MAT to calculate ten quantiles (also known as deciles). Then, in 

order to create a more explicit comparison between cool vs. warm regions, the central two 

deciles (deciles 5 and 6) were removed from the dataset (n=180, Figure S2). Below, we refer 

to the dataset from which these two deciles were removed as the “reduced data set” (n = 

593).  Specimens representing the lower four deciles (1-4) were considered to be collected 

from chronically cool regions (n=299) while the upper four deciles (7-10) were considered 

to be collected from chronically warm regions (n = 294; Figure S2). We acknowledge that 

cool vs. warm regions are not geographically defined but rather are defined by the chronic 
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conditions at each given specimen collection site (Figure 1). The mean DOY between 

regions was compared using a Welch two-sample t-test in R version 3.6.1 (R Core Team, 

2019). 

  

Detecting temporal shifts in phenology – To assess phenological shifts during the 112-year 

collection period (1902-2013), we constructed two multiple linear regressions designed to 

detect the effect of collection year on the day of year of specimen collection (DOY). The 

first model was designed to detect a shift among all specimens pooled together (n=743) and 

included the phenological index (PI), year of collection, and geographic variables (elevation, 

latitude, and longitude) as main effects. The second model was designed to determine 

whether the magnitude and/or direction of phenological shifts depends on the long-term 

mean climatic conditions to which collection sites were exposed (i.e., cool vs. warm 

regions). This model was constructed using the reduced dataset and included DOY as the 

response variable and the PI, year of collection, geographic variables, temperature region 

(cool or warm), and the year x temperature region interaction as main effects. The 

geographic variables were included in order to control for the possibility that non-random 

sampling across the collection period could confound the detection of the temporal shifts in 

phenology.  

  

Estimating regional sensitivities to climate – To determine whether individuals sampled 

from cool vs. warm regions collectively differ in their estimated sensitivities to climate (i.e., 

the absolute change in the DOY in response to each one-unit increase in the climate 

variable), we constructed 11 multiple linear regressions (one for each climate variable listed 
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in Table 2) designed to detect the effect of climate during the YOC on DOY. Each model 

included DOY as the response variable, the temperature region (cool vs. warm), the PI (to 

control for variation in phenological stage among specimens), and one of the 11 climate 

variables of interest were included as the predictors.  In addition, the models designed to 

estimate sensitivity to temperature, bFFP, or NFFD included the YOC MAP as an 

independent variable; these models therefore controlled for variation in MAP when 

detecting the sensitivity of DOY to temperature-based variables.  Similarly, the models 

designed to estimate the sensitivity to MAP or PAS included YOC MAT as an independent 

variable. The two-way interaction between temperature region (cool vs. warm) and the YOC 

climate variable of interest was also included to determine whether sensitivity of DOY to the 

climate variable differed between regions.  

  

Estimating regional changes in climate through time – To determine whether the 

magnitude of climate change experienced by individuals sampled from cool vs. warm 

regions differed during the 112-year collection period, we constructed 11 multiple linear 

regressions (one for each climate variable listed in Table 2) designed to detect the effect of 

specimen collection year on the YOC climate at a given specimen’s collection location. 

Each model included the climate variable of interest as the response variable, the 

temperature region (cool vs. warm), the YOC, the geographic variables (latitude, longitude, 

and elevation), and the YOC MAP (for models estimating changes in temperature, bFFP, or 

NFFD) or YOC MAT (for models estimating changes in MAP or PAS) as main effects. The 

geographic variables were included in order to control for the possibility that spatially non-

random sampling across the collection period could confound the detection of the direct 
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relationship between climate and year. The YOC x temperature region (cool vs. warm) 

interaction was also included in the model to determine whether the estimated magnitude of 

climate change over the 112-year collection period differed between regions. All multiple 

linear regressions conducted for this study were constructed using OLS regression and type 

III sum of squares with the lm() function and car package in R (Fox and Weisberg, 2019). 

All analyses were performed in R version 3.6.1 (R Core Team, 2019). 

 

Relative importance of regional differences in sensitivity vs. differences in the magnitude 

of climate change – To evaluate the relative importance of regional differences in sensitivity 

vs. regional differences in the magnitude of climate change in driving the observed 

differences in the phenological advancement through time between regions, we calculated 

the ratio between estimates of both climate change and sensitivity to climate in cool vs. 

warm regions. If, for example, the ratio between the magnitudes of climate change in warm 

vs. cool regions was consistently higher than the ratio between the sensitivity to climate 

variables in warm vs. cool regions, then we may infer that regional differences in the 

magnitude of climate change are more important than regional differences in sensitivity in 

explaining the observed difference between regions in temporal phenological shifts. 

Conversely, if the ratio between sensitivities in warm vs. cool regions was higher than that 

between the magnitudes of climate change in cool vs. warm regions, then differences in the 

degree of sensitivity may be more important in driving observed differences in temporal 

phenological shifts. 
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Results 

Our dataset spanned a 112-year collection period from 1902-2013 (Figure S3). The 

mean DOY among all specimens (n=743) was 182 (July 1st; SD=35.04, range: 76-256; 

Figure S4).  Specimens sampled from cool regions were, on average, collected 50 days later 

than those sampled from warm regions (95% CI: 45.04-54.96 days, t=22.23, p < 0.001; 

Figure 2). The mean DOY among specimens sampled from cool regions (n=299; 90-year 

MAT range: -0.5-6.46°C) was 205 (July 24th; SD=23.59, range: 148-256) and from warm 

regions (n=294; 90-year MAT range:9.46-16.9°C) was 155 (June 4th; SD=31.12,  range: 76-

222; Figure 2). 

 

Temporal shifts in flowering date – Among all specimens (n=743), we detected a 10-day 

advancement in flowering DOY during the past 100 years (estimate=-0.10±0.03 days/year, 

t=-3.75, p<0.001) independent of phenological status and geographic location (Table 1a; 

Figure 3a). This temporal shift, however, differed significantly between warm and cool 

regions. We detected a 19-day advancement in flowering date among specimens sampled 

from warm regions (estimate=-0.19±0.04 days/year, t=-4.61, p<0.001), but we found no 

evidence of a temporal shift among specimens sampled from cool regions (t=0.29, p=0.77; 

Table 1b; Figure 3b). The model designed to detect a temporal shift in flowering DOY 

among all specimens explained 70% of the variance in DOY while the model designed to 

detect temporal shifts in warm vs. cool regions using the reduced dataset accounted for 74% 

of the variance in DOY (Table 1). 
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Regional sensitivity to climate – Increased annual and seasonal temperatures advanced 

flowering DOY among all specimens in the reduced dataset, but those sampled from warm 

regions were more sensitive to all of the temperature-related climate variables (MAT; winter 

Tmin, Tave, Tmax; and spring/summer Tmin, Tave, Tmax) tested in this study independent 

of geographic location and phenological status (Table 2). For example, among specimens 

sampled from warm regions, flowering DOY advanced 5.84±0.47 days per 1°C increase in 

winter Tmin while among specimens sampled from cool regions, flowering DOY advanced 

only 2.91±0.49 days per 1°C increase in winter Tmin (temperature region x winter Tmin: 

t=4.33, p<0.001; Figure 4a; Table 2b;  Appendix 2). Similarly, among specimens sampled 

from warm regions, flowering DOY advanced 7.08±0.50 days per 1°C increase in the mean 

minimum temperature during spring and summer while, among specimens sampled from 

cool regions, flowering DOY advanced only 3.64±0.57 days per 1°C increase in 

spring/summer Tmin (temperature region x spring/summer Tmin: t=4.46, p<0.001; Figure 

4b; Table 2b; Appendix 2). The seven models designed to estimate the sensitivity of S. 

tortuosus to temperature-related variables in cool vs. warm regions explained 72-77% of the 

variance in DOY (Appendix 2).  

            Similarly, specimens sampled from warm regions were more sensitive to the onset of 

the growing season (as estimated by the bFFP) and the length of the growing season (as 

estimated by the NFFD). Earlier onset and longer growing seasons advanced flowering 

DOY among all specimens in the reduced dataset, but these effects were strongest among 

specimens sampled from warm regions (Table 2). Among specimens sampled from warm 

regions, a one-day advance in the onset of the growing season advanced flowering DOY by 

0.52±0.04 days while in cool regions a one-day advance in the onset of the growing season 
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advanced flowering DOY by only 0.27±0.07 days (temperature region x bFFP: t=-3.27, 

p=0.001; Figure 3c; Table 2b; Appendix 2). The models designed to estimate the sensitivity 

of flowering DOY to the bFFP and NFFD explained 73% and 72% of the variance in DOY, 

respectively (Appendix 2). 

            Among all specimens in the reduced dataset, increased precipitation (as measured by 

MAP and PAS) delayed flowering DOY.  The two-way interaction between MAP and 

temperature region was not significant, indicating that the effect of MAP on flowering DOY 

did not significantly differ between cool and warm regions (temperature region x MAP: 

t=1.81, p=0.07; Table 2b; Appendix 2). In both cool and warm regions, flowering DOY was 

delayed 0.92 days per 100-millimeter increase in MAP (MAP: estimate=0.0092 days/mm; t 

= 7.21, p <0.001; Table 2b; Appendix 2). Specimens sampled from warm regions were more 

sensitive to PAS (warm: estimate=0.14±0.02 days/mm; cool: estimate=0.016±0.003 

days/mm; temperature region x PAS: t=-5.82, p<0.001; Table 2b; Appendix 2). Both models 

designed to estimate the sensitivity of flowering DOY to MAP and PAS explained 75% of 

the variance in DOY (Appendix 2). 

 

Regional changes in climate through time – Among temperature-related variables, we 

detected long-term temporal increases in MAT, winter Tmin, winter Tave, winter Tmax, 

spring/summer Tmin, and spring/summer Tave independent of geographic location and 

MAP during the YOC (Table 2a; Appendix 1). Warm regions have experienced a greater 

degree of temporal change in winter and spring/summer minimum temperatures than cool 

regions. During the past century, winter minimum temperatures have increased an estimated 

2.3±0.41°C in warm regions vs. 0.93±0.42°C in cool regions (temperature region x year: t=-
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2.35, p=0.019; Figure 4d; Table 2a; Appendix 1). Similarly, spring/summer minimum 

temperatures have increased an estimated 3.19±0.35°C in warm regions vs. 1.89±0.36°C in 

cool regions during the past century (temperature region x year: t=-2.57, p=0.01; Figure 4e; 

Table 2a; Appendix 1). The degree of temporal change in MAT, winter Tmax, winter Tave, 

and spring/summer Tave was similar between cool and warm regions (i.e., the year x 

temperature region interaction was not significant; Table 2a). We detected no evidence that 

the maximum temperature during the spring/summer growing season had changed in either 

temperature region (t=1.52, p=0.13; Table 2a; Appendix 1). The seven models designed to 

detect changes in annual and seasonal temperature among sampled locations during the past 

century explained 84-93% of the variance in temperature (Appendix 1). 

Similarly, we detected long-term temporal changes in the day of year of onset of the 

growing season (as estimated by bFFP) and the length of the growing season (as estimated 

by NFFD) independent of geography and MAP in the YOC. In the case of both variables, 

the degree of change experienced by specimens sampled from warm regions was greater 

than that experienced by specimens sampled from cool regions. The beginning of the frost-

free period has advanced an estimated 32.98±4.48 days in warm regions vs. 12.78±4.55 days 

in cool regions during the past century (temperature region x year: t=3.16, p=0.0017; Figure 

4f; Table 2a; Appendix 1). The growing season has lengthened by an estimated 54.42±6.86 

days in warm regions vs. 31.47±6.96 days in cool regions during the past century 

(temperature region x year: t=-2.35, p=0.019; Table 2a; Appendix 1). 

  We detected a long-term mean increase in MAP in warm regions but no evidence of 

a change in MAP in cool regions during the past century (Table 2). Specimens sampled from 

warm regions experienced an increase of 428±118 mm of cumulative MAP during the past 
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100 years while those sampled from cool regions experienced no significant change in MAP 

(temperature region x year: t=-3.87, p<0.001; Table 2a; Appendix 1). No significant 

temporal change in PAS was detected in either warm or cool regions (year: t=1.24, p=0.74). 

The models designed to detect temporal changes in precipitation independent of geography 

and MAT in the YOC explained 30% of the variance in MAP and 90% of the variance in 

PAS among all sampled locations during the 112-year collection period (Appendix 1). 

 

Relative importance of regional differences in sensitivity vs. regional differences in the 

magnitude of climate change – Cool and warm regions differ with respect to both the 

magnitude of climate change experienced by individuals as well as estimated phenological 

sensitivity to climate among individuals (Figure 4, Table 2). With respect to minimum 

temperatures, the bFFP,  the NFFD, and MAP, individuals sampled from warm regions have 

experienced a greater degree of change and also exhibit a higher degree of phenological 

sensitivity to these variables (Table 2). For example, warm regions have experienced a 2.47x 

and 1.68x greater increase in winter Tmin and spring/summer Tmin, respectively, and 

individuals sampled from warm regions are 2.01x and 1.94x as sensitive to winter Tmin and 

spring/summer Tmin, respectively, than those sampled from cool regions (Figure 4a, 4b, 4d, 

and 4e). Similarly, warm regions have experienced a 2.58x greater advancement in the bFFP 

and individuals sampled from warm regions are 1.93x as sensitive to the bFFP as those 

sampled from cool regions (Figure 4c, Figure 4f). 
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Discussion 

This study demonstrates that, based on data derived from herbarium specimens 

collected across a species’ range, the degree of phenological sensitivity to climate and the 

magnitude of phenological shifts through time in response to climate change can vary within 

species. During the 112-year collection period, flowering date advanced significantly among 

individuals of Streptanthus tortuosus collected in relatively warm regions but exhibited no 

evidence of advancement among those collected in cool regions. The evidence presented 

here suggests that the difference in temporal shifts in flowering date between cool vs. warm 

regions is likely driven by both (1) intraspecific variation in phenological sensitivity to 

climate variables and (2) differences in the magnitude of climate change experienced by 

individuals and populations in cool vs. warm regions. These results and their implications 

are discussed in detail below. 

  

Regional differences in phenological advancement – The results presented here add to the 

mounting evidence that plants have responded to climate change (specifically, increases in 

temperature) by advancing their flowering date (Parmesan and Yohe, 2003; Cleland et al., 

2007; but see Banaszak et al., 2020); however, this is one of the first studies to detect intra-

specific variation in the magnitude of temporal shifts within a wide-ranging species (Prevéy 

et al., 2017; Rafferty et al., 2020). Among all individuals of Streptanthus tortuosus sampled 

in this study, flowering date advanced 10 days during the past century, but this pattern was 

driven by the advancement of individuals collected in warm regions, which exhibit a 20-day 

advancement in flowering date (Figure 3, Table 1). Individuals collected in relatively cool 

regions exhibited no evidence of advancement in flowering date (Figure 3b, Table 1b).  
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By seeking evidence for intraspecific, regional variation in phenological 

advancement, studies may detect non-uniform shifts in phenology across species’ ranges; 

and such divergent phenologies may have several ecological consequences that merit 

investigation. First, intraspecific differences in phenological advancement among 

populations may reduce flowering synchrony and pollen-mediated gene flow, thereby 

affecting processes such as local adaptation or population divergence (Ison et al., 2014; 

Wang, Tang, et al., 2016; Rafferty et al., 2020).  Second, non-uniform shifts in phenology 

may alter population- or region-specific interactions with other organisms (e.g., pollinators, 

herbivores, competitors; Elzinga et al., 2007; Kudo and Ida, 2013). Third, divergent shifts in 

phenology may expose some populations to novel conditions (e.g., increased exposure to 

frost or drought; Franks et al., 2007; Inouye, 2008) or to novel interactions (e.g., plant-plant, 

plant-herbivore, plant-pollinator interactions; Fabina et al., 2010; Forrest et al., 2010; 

Theobald et al., 2017). Given these consequences and their potential impact on plant 

survival, fitness, and population persistence (Fabina et al., 2010; Forrest and Miller-

Rushing, 2010; Anderson et al., 2012; Springate and Kover, 2014), assessing the spatial 

complexity of temporal phenological shifts will help us to forecast the ecological 

consequences of climate change.  

  

Regional differences in phenological sensitivity to climate – Higher temperature during the 

year of specimen collection advances flowering date (DOY) in both cool and warm regions; 

however, individuals in warm regions were about twice as phenologically sensitive to all of 

the temperature and growing season length variables (i.e., bFFP and NFFD) examined in 

this study (Figure 4, Table 2). In addition, individuals in warm regions flower earlier than 
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those in cool regions (Figure 2). This intraspecific pattern – where individuals in relatively 

warm regions both flower earlier and are more phenologically sensitive to temperature – is 

consistent with the few other studies that have investigated regional variation in temperature 

sensitivity within species (Menzel et al., 2006; Wang et al., 2015; Park et al., 2018; Song et 

al., 2020). Moreover, the intraspecific pattern detected here is consistent with the 

interspecific patterns of temperature sensitivity estimated from many other herbarium-based 

and field-based studies ( i.e., species or communities that flower earlier and/or occur in 

warm climates are more sensitive to temperature than those that flower later and/or occur in 

cooler climates; Menzel et al., 2006; Rutishauser et al., 2009; Cook et al., 2012; Wolkovich 

et al., 2012; Park et al., 2018). The consistent patterns at various taxonomic and ecological 

scales suggest that the underlying drivers may be similar and could reflect variation in 

phenological sensitivity due to differences in life-history strategies (Kudoh et al., 1995; 

Caffarra and Donnelly, 2011; Li et al., 2014), differences in the reliability of temperature 

cues (Lapenis et al., 2014; Park et al., 2018), or differences in the abiotic drivers of selection 

on plant phenology (Theobald et al., 2017). 

Contrary to the intraspecific pattern detected in this study, where individuals in warm 

regions are more sensitive to temperature than those in cool regions, Prevéy et al. (2017) 

found that, among 47 plant species occurring in the Arctic tundra, conspecific populations 

occupying relatively cool regions at higher latitudes were more sensitive to temperature than 

those occupying warm regions at lower latitudes. These contrasting patterns suggest that 

spatial variation in temperature sensitivity may differ among biomes (Ernakovich et al., 

2014; Carbognani et al., 2018). However, despite detecting a pattern that contrasts with the 

findings presented here, Prevéy et al. (2017) also found that interspecific and intraspecific 
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patterns in temperature sensitivity matched – species, as well as conspecific populations, in 

warmer regions were less sensitive to temperature than those in cooler regions, again 

suggesting that drivers underlying inter vs. intraspecific variation in phenological sensitivity 

may be similar. 

Our study highlights the importance of considering intraspecific variation when 

estimating temperature sensitivity, especially when using these estimates to predict a 

species’ phenological responses to future climate change (Forrest and Miller-Rushing, 2010; 

Pau et al., 2011; Wolkovich et al., 2014). For example, if a species’ sensitivity is estimated 

by assessing its response to interannual variation in climate at a single (or even a few, 

spatially close) study site(s), it may not accurately capture the spatial complexity of 

temperature sensitivity across that species’ range. Predictions derived from these estimates 

could potentially over- or underestimate temporal phenological shifts, and consequently, 

could result in inaccurate predictions regarding the impact of climate change on species and 

their interactions with other organisms. 

 In addition to temperature, individuals in both regions are sensitive to cumulative 

mean annual precipitation (MAP) and precipitation as snow (PAS). Relatively high levels of 

precipitation are associated with a delay in flowering time and this effect is independent of 

the effect of MAT on flowering time (Table 2). Surprisingly, individuals in warm regions 

were more sensitive to PAS than those in cool regions; however individuals in cool regions 

might be more sensitive to the date of snow melt rather than the amount of snow received  

(Galen and Stanton, 1993; Totland and Alatalo, 2002; Anderson et al., 2012). Our results are 

consistent with other studies that have demonstrated that increases in precipitation are 

associated with a delay in flowering time (Rawal et al., 2015; Matthews and Mazer, 2016; 
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Love et al., 2019; Petrauski et al., 2019). However, local temperature may be more 

important in prompting the onset flowering time because temperature can provide a reliable 

cue to indicate the onset and/or end of the growing season (Cleland et al., 2007; Wolkovich 

et al., 2012).  

 

Temporal shifts in phenology are explained by sensitivity to climate and the magnitude of 

climate change in warm regions – Because of their spatial and temporal sampling breadth, 

herbarium-based data are uniquely suited to test how well estimated phenological 

sensitivities explain temporal shifts in phenology that have already occurred in response to 

climate change during the past century. For example, in the present study, minimum 

temperature during the flowering period (spring/summer) of S. tortuosus in warm regions 

has increased an estimated 3.2±0.3°C during the past century and, based on the sensitivity of 

flowering time to spring/summer Tmin exhibited by individuals in warm regions, we would 

predict the increase in spring/summer Tmin to result in a 18.60-26.83 day advancement of 

DOY among individuals in warm regions over the past century (Figure 4b, Figure 4e, Table 

2). This predicted phenological shift is similar to the observed 19.0±3.0 day advancement 

among individuals in warm regions during the past century that was detected in this study. 

In addition to spring/summer Tmin, the predicted temporal advancement of DOY in warm 

regions in response to increases in winter Tmin (10.15-17.1 days) and advances in the onset 

of the bFFP (13.68-20.98 days) are also similar to the observed advancement (Table 2). The 

428±118 mm increase in MAP in warm regions during the past century is predicted to delay 

flowering date by 2.85-5.02 days and may have slightly counteracted the advance caused by 

increasing temperatures and advancing bFFP.  
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Given that (1) individuals in cool regions are sensitive to temperature and other 

temperature-related variables (e.g., bFFP and NFFD), and that (2) the temperature has 

changed during the 112-year observation period – why are we unable to detect any temporal 

shift in phenology among individuals sampled from cool regions? One possibility is that 

individuals in cool vs. warm parts of species ranges may rely on different cues to induce 

flowering. For example, many alpine wildflowers are phenologically sensitive to the date of 

snowmelt (Totland and Alatalo, 2002; Kudo and Hirao, 2006; Inouye, 2008; Carbognani et 

al., 2018). Because individuals of S. tortuosus in cool regions primarily occur in high 

elevation, alpine environments, the date of snowmelt may be an important cue to induce 

flowering (Figure 1). While we did not test for the direct effects of snowmelt date on DOY 

in this study, it is likely strongly correlated with the bFFP (the date on which temperatures 

are consistently above 0°C). In cool regions, the predicted temporal advancement of 

flowering date based on the sensitivity of individuals to the bFFP in response to the 12.8±4.3 

day advancement in the bFFP during the past century is 1.7-5.8 days (Table 2). Given that 

the standard error of the estimated temporal shift in flowering date is ±3 days, the slight 

advancement of flowering date predicted by the advance in the bFFP may be too small to 

detect due to background variation in flowering date in response to interannual variation in 

climate (Figure 3b, Table 1b). Moreover, compared to specimens collected in warm regions, 

those collected in cool regions are underrepresented in more recent years, when the effects 

of warming may have been expressed more strongly (due to accelerating climate change), 

and this may have hindered our ability to detect a significant phenological shift (Figure 

S3b). 
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  We found that the greater temporal advancement of flowering date among specimens 

in warm regions vs. those collected in cool regions is explained by both (1) a higher 

sensitivity to phenologically important climate variables and (2) a greater increase in 

temperature (especially minimum temperatures), and consequently, a greater advance in the 

onset of spring (as measured by the bFFP) experienced by individuals collected in warm 

regions (Figure 3b, Figure 4, Table 2). This is one of the first studies to demonstrate that 

differences in both sensitivity and the degree of climate change experienced among 

populations contribute to regional differences in the magnitude of temporal shifts in 

phenology (Prevéy et al., 2017). Given these results, future studies using models to predict 

changes in phenology and species interactions should consider both differences in the degree 

of sensitivity to climate and the expected magnitude of climate change when forecasting 

impacts (Cleland et al., 2007; Forrest and Miller-Rushing, 2010; Pau et al., 2011). 

Additionally, by hindcasting temporal shifts in phenology using estimated sensitivities to 

various climate variables, we can assess the predictive capacity of these sensitivities and 

thus may be able to improve the accuracy of predictions regarding future shifts in phenology 

in response to continuing climate change. 

 

Relative importance of regional differences in sensitivity vs. the magnitude of climate 

change – One of the goals of this study was to evaluate which of the potential drivers – 

regional differences in the magnitude of climate change vs. regional differences in the 

degree of sensitivity to climate – may be more important in explaining differences in the 

observed phenological advancement through time between the regions. We found that, 

among the five climate variables (winter Tmin, spring/summer Tmin, bFFP, and NFFD) that 
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differed between regions with respect to both the magnitude of change in that variable 

during the past century and the degree of phenological sensitivity to that variable, warmer 

regions exhibited about twice the magnitude of climate change as cool regions, and the 

plants sampled from warm regions were approximately twice as sensitive as those sampled 

from cool regions (Table 2). For example, spring/summer Tmin increased 1.68 times as fast 

in warm regions than cool regions, and individuals in warm regions are about 1.94 times as 

sensitive to spring/summer Tmin (Table 2) as individuals in cool regions. Moreover, neither 

the ratio between the regional magnitudes of climate change nor between regional degrees of 

sensitivity was consistently higher than the other (Table 2). Based on the evidence presented 

here, the two factors may be similarly important in driving divergent phenological shifts 

during the past century. To our knowledge, this is the first study to assess the relative 

importance of the magnitude of climate change vs. the degree of phenological sensitivity in 

driving temporal shifts in phenology and this comparative framework may be useful to 

assess the relative importance of these two factors for the many species that are well 

represented by herbarium specimens. 

Conclusion 

This is one of the first studies to demonstrate that herbarium-based data can be used 

to detect regionally-distinct phenological patterns when incorporating fine-scale 

phenological scoring (Park et al., 2018; Song et al., 2020). The results presented here 

directly support the prediction, first introduced by Park et al. (2018), that, collectively, 

plants sampled from regions that exhibit higher sensitivity to temperature will advance their 

phenology more rapidly in response to warming than those sampled from regions which 

collectively exhibit lower sensitivity to temperature. Furthermore, we found that this 
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divergent response was also driven by regional differences in the magnitude of climate 

change. Our findings highlight the need to measure both phenological sensitivity to climate 

and the magnitude of climate change experienced over a given time period when trying to 

explain intra- or interspecific variation in the magnitude of phenological change in response 

to directional changes in climate. Our study also adds to the mounting evidence that 

herbarium records are useful sources of phenological data (Davis et al., 2015; Willis et al., 

2017; Jones and Daehler, 2018), and reinforces the need to preserve these valuable natural 

history collections while also expanding our capacity to extract high-quality and meaningful 

phenological data from imaged specimens (e.g., through using machine learning methods; 

(Blagoderov et al., 2012; Lorieul et al., 2019; Goëau et al., 2020; Pearson et al., 2020). 
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Tables, Figures, Supplemental Figures, Supplemental Tables, and Appendices 

Table 1. Summary of the multiple linear regression conducted to detect the effect of 

collection year on the specimen day of year of collection (DOY) while controlling for 

geographic variables (latitude, longitude, and elevation) among (a) all specimens (n=743) 

and (b) among specimens in the reduced dataset (n=593) to compare shifts in cool (n=299) 

vs. warm (n=294) regions. 

a.     

Independent Variable Estimate SE t ratio P >|t| 
Intercept 216.89 127.57 1.70 0.09 

Phenological index 16.88 1.02 16.57 <0.001 
Year -0.10 0.027 -3.75 <0.001 
Elevation 0.029 0.0010 27.94 <0.001 
Latitude 5.02 1.07 4.68 <0.001 
Longitude 1.02 1.22 0.84 0.40 

     

Source of Variation Df SS F Ratio P value 

Intercept 1 1073 2.89 0.09 

Phenological index 1 101899 274.45 <0.001 
Year 1 5219 14.06 <0.001 
Elevation 1 289774 780.45 <0.001 
Latitude 1 8121 21.87 <0.001 
Longitude 1 259 0.70 0.40 

Error 737 273642   

R2       0.70 

     

b.     

Term Estimate SE t ratio P >|t| 
Intercept -116.07 133.99 -0.87 0.39 

Phenological index 17.33 1.13 15.35 <0.001 
Year  -0.090 0.030 -2.99 0.0029 
Temperature region [C] 1.06 1.78 0.59 0.55 

Elevation 0.029 0.0017 17.17 <0.001 
Latitude 4.31 1.28 3.37 <0.001 
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Longitude -0.33 1.46 -0.23 0.82 

Year x temperature region 

[C] 0.10 0.030 3.43 <0.001 
     

Analysis of Variance 
Source Df SS F Ratio P value 

Intercept 1 270 0.75 0.39 

Phenological index 1 84698 235.56 <0.001 
Year  1 3224 8.97 0.0029 
Temperature region 1 127 0.35 0.55 

Elevation 1 105952 294.68 <0.001 
Latitude 1 4087 11.37 <0.001 
Longitude 1 19 0.05 0.82 

Year x temperature region 1 4226 11.75 <0.001 
Error 585 210340   

R2       0.74 
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Table 2. Regression coefficients (a) representing the estimated change in the climate 

variables during the 112-year collection period in cool vs. warm regions independent of 

model covariates (latitude, longitude, elevation, and cumulative mean annual precipitation 

(MAP) or mean annual temperature (MAT)), and (b) the estimated sensitivity of S. tortuosus 
to each climate variable in cool versus warm regions independent of model covariates 

(cumulative mean annual precipitation and the phenological index). When the two-way 

interaction between the climate variable and temperature region (cool vs. warm) is 

significant at α=0.95 (indicating that the estimates differ between cool vs. warm regions), an 

estimate for each region is reported. When the interaction is not significant, a single estimate 

for both regions is reported. The ratio of the warm to cool region coefficient estimate is 

listed when the coefficient differs significantly between regions. Full model summaries for 

estimating the magnitude of climate change during the past century and the estimated 

sensitivities to climate are presented in Appendix 1 and 2, respectively. 

bFFP – beginning of the frost-free period; NFFD – number of frost-free days; PAS – 

precipitation as snow 

  * p ≤ 0.05; ** p ≤ 0.01; *** p ≤ 0.001 

 a. Estimated change during the past century 

Climate variable Cool Warm 
Warm:Co
ol Ratio 

MAT (°C) 1.34±0.20***  

Winter Tmin (°C) 0.93±0.42* 2.3±0.41*** 2.47 

Winter Tmax (°C) 1.15±0.27***  

Winter Tave (°C) 1.38±0.26***  

Spring/summer Tmin (°C) 1.89±0.36*** 3.19±0.35*** 1.68 

Spring/summer Tmax (°C) NS  

Spring/summer Tave (°C) 1.47±0.22***  

bFFP (days) 12.78±4.55*** 32.98±4.48*** 2.58 

NFFD (days) 31.47±6.96*** 54.52±6.86*** 1.73 

MAP (mm) NS 428±118***  

PAS (mm) NS   

    
 b. Sensitivity to climate  

Climate variable Cool Warm 
Warm:Co
ol Ratio 

MAT (°C) -4.46±0.58*** -8.31±0.51*** 1.86 

Winter Tmin (°C) -2.91±0.49*** -5.84±0.47*** 2.01 

Winter Tmax (°C) -2.91±0.53*** -5.97±0.44*** 2.05 

Winter Tave (°C) -3.55±0.56*** -6.56±0.47*** 1.84 

Spring/summer Tmin (°C) -3.64±0.57*** -7.08±0.50*** 1.94 

Spring/summer Tmax (°C) -4.02±0.44*** -6.22±0.40*** 1.55 

Spring/summer Tave (°C) -4.42±0.51*** -7.85±0.46*** 1.78 

bFFP (days) 0.27±0.07*** 0.52±0.04*** 1.93 
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NFFD (days) -0.16±0.04*** -0.32±0.02*** 2.00 

MAP (mm) 0.0092±0.0013***  

PAS (mm) 0.016±0.0036*** 0.142±0.022*** 8.88 
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Figure 1. Locations of Streptanthus tortuosus specimens collected in cool regions (blue 

circles; n = 299) and warm regions (red circles; n = 294) of the species’ range. The white 

circles are those records for which the collection site represents the middle 20% of the 

temperature range of S. tortuosus (n = 150). These records were removed prior to the warm 

vs. cool region comparisons.  
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Figure 2. Box and whisker plots representing the distribution of the day of year (DOY) of 

specimens collected in cool (blue) and warm (red) regions. The middle line represents the 

median and the lower and upper hinges correspond to the first and third quartiles, 

respectively. The lower and upper whiskers extend to the smallest and largest values of 

DOY. 
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Figure 3. The relationship between the day of year of collection (DOY) and year for (a) all 

specimens in the final dataset (n = 743) and (b) those specimens collected in cool (blue 

points; n = 299) and warm (red points; n = 294) regions. 
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Figure 4. Partial regression plots representing the sensitivity of S. tortuosus to (a) minimum 

winter temperature, (b) minimum temperature during spring and summer, and (c) the day of 

year of the beginning of the frost-free period independent of model covariates (cumulative 

mean annual precipitation and the phenological index) in cool versus warm regions. The 

remaining plots (d-f) show how these same variables have shifted during the 112-year 

collection period independent of model covariates (latitude, longitude, elevation, and 

cumulative mean annual precipitation). Individual slopes for each of these relationships are 

listed in Table 2. 
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Table S1. Numbers of specimens from each herbarium included in the final dataset and in the 

reduced dataset with the middle 20% of the temperature range of S. tortuosus removed (n= 150 

specimens) that was used for cool vs. warm region comparisons. 

Herbarium Herbarium Code 

# specimens 

in final 

dataset 

# specimens in 

the reduced 

dataset (warm 

vs. cool regions) 

University of California, Berkeley UC/JEPS 154 128 

California Academy of Sciences CAS 306 236 

California State University, Chico CHSC 84 65 

University of California, Davis DAV 69 59 

California Polytechnic State 

University, San Luis Obispo 
OBI 9 7 

Rancho Santa Ana Botanic Garden RSA 118 96 

California State University, Northridge SFV 3 2 

 
   

  Total 743 593 
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Figure S1. The distribution of phenological indices (PIs) among (a) sites of collection of all 

specimens (n=743) and (b) sites where specimens were collected in cool (shown in blue; 

n=299) and warm (shown in red; n=294) regions. 
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Figure S2. The distribution of mean long-term (90-year) mean annual temperatures (MAT) 

among (a) sites of collection of all specimens (n=743) and (b) sites where specimens were 

collected in cool (shown in blue; n=299) and warm (shown in red; n=294) regions.  
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Figure S3. The distribution of specimen collection years among (a) sites of collection of all 

specimens (n=743) and (b) sites where specimens were collected in cool (shown in blue; 

n=299) and warm (shown in red; n=294) regions. 
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Figure S4. The distribution of the day of year of specimen collection (DOY) among (a) sites 

of collection of all specimens (n=743) and (b) sites where specimens were collected in cool 

(shown in blue; n=299) and warm (shown in red; n=294) regions 
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Appendix 1. The magnitude of climate change among all climate variables of interest 

during the collection period. 

 

bFFP. Parameter estimates (a) and summary statistics (b) for the multiple linear regression 

conducted to detect the effect of the year on the beginning of the frost-free period (bFFP) in 

cool vs. warm regions (year x temperature region) while controlling for geographic variables 

and the mean annual precipitation (MAP) among specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 588.44 144.53 4.07 <0.001 

Year -0.23 0.032 -7.18 <0.001 

Temperature region 10.74 1.89 5.67 <0.001 

Elevation 0.028 0.0019 15.13 <0.001 

Latitude 9.83 1.36 7.20 <0.001 

Longitude 7.23 1.55 4.66 <0.001 

MAP -0.0042 0.0016 -2.64 0.0086 

Year x temperature region 0.10 0.032 3.16 0.0017 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 6683.91 1 16.58 <0.001 

Year 20809.94 1 51.61 <0.001 

Temperature region 12955.70 1 32.13 <0.001 

Elevation 92270.40 1 228.83 <0.001 

Latitude 20920.96 1 51.88 <0.001 

Longitude 8762.31 1 21.73 <0.001 

MAP 2803.02 1 6.95 0.0086 

Year x temperature region 4025.21 1 9.98 0.0017 

Residuals 235892.57 585   

Adjusted R2 0.8       
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NFFP. Parameter estimates (a) and summary statistics (b) for the multiple linear regression 

conducted to detect the effect of the year on the number of frost-free days in a given year 

(NFFP) in cool vs. warm regions (year x temperature region) while controlling for 

geographic variables and the mean annual precipitation (MAP) among specimens in the 

reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept -963.67 221.24 -4.36 <0.001 

Year 0.43 0.049 8.82 <0.001 

Temperature region -20.32 2.90 -7.01 <0.001 

Elevation -0.046 0.0029 -16.16 <0.001 

Latitude -16.18 2.09 -7.74 <0.001 

Longitude -14.92 2.37 -6.29 <0.001 

MAP 0.010 0.0024 4.19 <0.001 

Year x temperature 

region 
-0.12 0.0489329 -2.35 0.0189 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 17926.21 1 18.97 <0.001 

Year 73458.94 1 77.75 <0.001 

Temperature region 46411.81 1 49.12 <0.001 

Elevation 246773.55 1 261.18 <0.001 

Latitude 56656.83 1 59.96 <0.001 

Longitude 37360.72 1 39.54 <0.001 

MAP 16551.63 1 17.52 <0.001 

Year x temperature 

region 
5237.73 1 5.54 0.0189 

Residuals 552740.32 585   
Adjusted R2 0.85       
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MAP. Parameter estimates (a) and summary statistics (b) for the multiple linear regression 

conducted to detect the effect of the year on mean annual precipitation (MAP) in cool vs. 

warm regions (year x temperature region) while controlling for geographic variables and the 

mean annual temperature (MAT) among specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept -21826.85 3636.64 -6.00 <0.001 

Year 1.47 0.85 1.73 0.085 

Temperature region -92.71 55.89 -1.66 0.098 

Elevation 0.40 0.07 5.54 <0.001 

Latitude 123.18 35.68 3.45 <0.001 

Longitude -144.12 39.77 -3.62 <0.001 

MAT 28.48 16.83 1.69 0.091 

Year x temperature 

region 
-2.81 0.82 -3.43 <0.001 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 9734275.19 1 36.02 <0.001 

Year 805135.22 1 2.98 0.085 

Temperature region 743566.15 1 2.75 0.098 

Elevation 8303757.68 1 30.73 <0.001 

Latitude 3221042.92 1 11.92 <0.001 

Longitude 3548715.11 1 13.13 <0.001 

MAT 773680.50 1 2.86 0.091 

Year x temperature 

region 
3170257.37 1 11.73 <0.001 

Residuals 158080275.52 585   
Adjusted R2 0.3       
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MAT. Parameter estimates (a) and summary statistics (b) for the multiple linear regression 

conducted to detect the effect of the year on mean annual temperature (MAT) in cool vs. 

warm regions (year x temperature region) while controlling for geographic variables and the 

mean annual precipitation (MAP) among specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 11.94 9.17 1.30 0.193 

Year 0.013 0.0020 6.64 <0.001 

Temperature region -1.61 0.12 -13.36 <0.001 

Elevation -0.0033 0.00012 -27.65 <0.001 

Latitude -0.42 0.087 -4.88 <0.001 

Longitude -0.15 0.098 -1.55 0.122 

MAP 0.00017 0.00010 1.69 0.091 

Year x temperature 

region 
-0.0030 0.0020 -1.48 0.138 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 2.75 1 1.70 0.193 

Year 71.46 1 44.04 <0.001 

Temperature region 289.72 1 178.55 <0.001 

Elevation 1240.41 1 764.46 <0.001 

Latitude 38.71 1 23.86 <0.001 

Longitude 3.89 1 2.39 0.122 

MAP 4.65 1 2.86 0.091 

Year x temperature 

region 
3.57 1 2.20 0.138 

Residuals 949.22 585   
Adjusted R2 0.93       
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PAS. Parameter estimates (a) and summary statistics (b) for the multiple linear regression 

conducted to detect the effect of the year on precipitation as snow (PAS) in cool vs. warm 

regions (year x temperature region) while controlling for geographic variables and the mean 

annual temperature (MAT) among specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept -341.90 1451.19 -0.24 0.814 

Year -0.50 0.34 -1.47 0.141 

Temperature region 93.47 22.30 4.19 <0.001 

Elevation 15.35 14.24 1.08 0.281 

Latitude -3.11 15.87 -0.20 0.845 

Longitude 0.025 0.029 0.88 0.381 

MAT -40.56 6.72 -6.04 <0.001 

Year x temperature 

region 
-0.96 0.33 -2.92 0.004 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 2388.49 1 0.056 0.814 

Year 93419.79 1 2.17 0.141 

Temperature region 755823.50 1 17.57 <0.001 

Elevation 50044.78 1 1.16 0.281 

Latitude 1654.24 1 0.038 0.845 

Longitude 33016.71 1 0.77 0.381 

MAT 1569563.76 1 36.48 <0.001 

Year x temperature 

region 
367374.22 1 8.54 0.004 

Residuals 25172524.65 585   
Adjusted R2 0.68       
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Spring/summer Tave. Parameter estimates (a) and summary statistics (b) for the multiple 

linear regression conducted to detect the effect of the year on the average temperature 

(Tave) during spring and summer  in cool vs. warm regions (year x temperature region) 

while controlling for geographic variables and the mean annual precipitation (MAP) among 

specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 32.38 10.20 3.17 0.002 

Year 0.015 0.0022 6.52 <0.001 

Temperature region -1.67 0.13 -12.48 <0.001 

Elevation -0.0034 0.00013 -26.04 <0.001 

Latitude -0.13 0.096 -1.37 0.171 

Longitude 0.081 0.11 0.74 0.457 

MAP -0.00013 0.00011 -1.16 0.246 

Year x temperature 

region 
-0.0034 0.0023 -1.52 0.129 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 20.23 1 10.07 0.002 

Year 85.42 1 42.50 <0.001 

Temperature region 312.91 1 155.69 <0.001 

Elevation 1363.17 1 678.26 <0.001 

Latitude 3.78 1 1.88 0.171 

Longitude 1.11 1 0.55 0.457 

MAP 2.71 1 1.35 0.246 

Year x temperature 

region 
4.64 1 2.31 0.129 

Residuals 1175.74 585   
Adjusted R2 0.92       
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Spring/summer Tmax. Parameter estimates (a) and summary statistics (b) for the multiple 

linear regression conducted to detect the effect of the year on the maximum temperature 

(Tmax) during spring and summer  in cool vs. warm regions (year x temperature region) 

while controlling for geographic variables and the mean annual precipitation (MAP) among 

specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 70.77 11.65 6.07 <0.001 

Year 0.0039 0.0026 1.53 0.128 

Temperature region -1.49 0.15 -9.78 <0.001 

Elevation -0.0043 0.00015 -28.37 <0.001 

Latitude 0.11 0.11 0.97 0.330 

Longitude 0.40 0.13 3.19 0.002 

MAP -0.00060 0.00013 -4.69 <0.001 

Year x temperature 

region 
-0.00032 0.0026 -0.13 0.900 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 96.68 1 36.87 <0.001 

Year 6.10 1 2.33 0.128 

Temperature region 250.68 1 95.60 <0.001 

Elevation 2110.86 1 805.03 <0.001 

Latitude 2.49 1 0.95 0.330 

Longitude 26.64 1 10.16 0.002 

MAP 57.77 1 22.03 <0.001 

Year x temperature 

region 
0.041 1 0.016 0.900 

Residuals 1533.92 585   
Adjusted R2 0.91       
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Spring/summer Tmin. Parameter estimates (a) and summary statistics (b) for the multiple 

linear regression conducted to detect the effect of the year on the minimum temperature 

(Tmin) during spring and summer  in cool vs. warm regions (year x temperature region) 

while controlling for geographic variables and the mean annual precipitation (MAP) among 

specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept -6.00 11.42 -0.52 0.600 

Year 0.025 0.0025 10.09 <0.001 

Temperature region -1.85 0.15 -12.34 <0.001 

Elevation -0.0026 0.00015 -17.55 <0.001 

Latitude -0.37 0.11 -3.43 <0.001 

Longitude -0.23 0.12 -1.92 0.056 

MAP 0.00034 0.00013 2.70 0.007 

Year x temperature 

region 
-0.0065 0.0025 -2.57 0.010 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 0.69 1 0.28 0.600 

Year 256.54 1 101.82 <0.001 

Temperature region 383.89 1 152.37 <0.001 

Elevation 776.32 1 308.13 <0.001 

Latitude 29.58 1 11.74 <0.001 

Longitude 9.25 1 3.67 0.056 

MAP 18.32 1 7.27 0.007 

Year x temperature 

region 
16.66 1 6.61 0.010 

Residuals 1473.89 585   
Adjusted R2 0.89       
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Winter Tave. Parameter estimates (a) and summary statistics (b) for the multiple linear 

regression conducted to detect the effect of the year on the average temperature (Tave) 

during winter in cool vs. warm regions (year x temperature region) while controlling for 

geographic variables and the mean annual precipitation (MAP) among specimens in the 

reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept -9.87 11.70 -0.84 0.399 

Year 0.014 0.0026 5.35 <0.001 

Temperature region -1.48 0.15 -9.64 <0.001 

Elevation -0.0032 0.00015 -21.02 <0.001 

Latitude -0.79 0.11 -7.16 <0.001 

Longitude -0.39 0.13 -3.07 0.002 

MAP 0.00068 0.00013 5.25 <0.001 

Year x temperature 

region 
-0.0048 0.0026 -1.84 0.066 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 1.88 1 0.71 0.399 

Year 75.56 1 28.61 <0.001 

Temperature region 245.68 1 93.02 <0.001 

Elevation 1167.36 1 441.97 <0.001 

Latitude 135.37 1 51.25 <0.001 

Longitude 24.90 1 9.43 0.002 

MAP 72.94 1 27.61 <0.001 

Year x temperature 

region 
8.96 1 3.39 0.066 

Residuals 1545.12 585   
Adjusted R2 0.88       
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Winter Tmax. Parameter estimates (a) and summary statistics (b) for the multiple linear 

regression conducted to detect the effect of the year on the maximum temperature 

(Tmaximum) during winter in cool vs. warm regions (year x temperature region) while 

controlling for geographic variables and the mean annual precipitation (MAP) among 

specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 38.96 12.47 3.12 0.0019 

Year 0.011 0.0027 4.17 <0.001 

Temperature region -1.30 0.16 -7.96 <0.001 

Elevation -0.0033 0.00016 -20.43 <0.001 

Latitude -0.93 0.12 -7.90 <0.001 

Longitude -0.076 0.13 -0.57 0.571 

MAP 0.00033 0.00014 2.40 0.017 

Year x temperature 

region 
-0.0026 0.0028 -0.95 0.341 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 29.31 1 9.76 0.0019 

Year 52.31 1 17.43 <0.001 

Temperature region 190.20 1 63.37 <0.001 

Elevation 1252.57 1 417.34 <0.001 

Latitude 187.35 1 62.42 <0.001 

Longitude 0.97 1 0.32 0.571 

MAP 17.35 1 5.78 0.017 

Year x temperature 

region 
2.73 1 0.91 0.341 

Residuals 1755.79 585   
Adjusted R2 0.85       
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Winter Tmin. Parameter estimates (a) and summary statistics (b) for the multiple linear 

regression conducted to detect the effect of the year on the minimum temperature (Tmin) 

during winter in cool vs. warm regions (year x temperature region) while controlling for 

geographic variables and the mean annual precipitation (MAP) among specimens in the 

reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept -58.30 13.31 -4.38 <0.001 

Year 0.016 0.0029 5.51 <0.001 

Temperature region -1.66 0.17 -9.50 <0.001 

Elevation -0.0031 0.00017 -17.81 <0.001 

Latitude -0.65 0.13 -5.13 <0.001 

Longitude -0.69 0.14 -4.83 <0.001 

MAP 0.0010 0.00015 6.99 <0.001 

Year x temperature 

region 
-0.0069 0.0029 -2.35 0.0192 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 65.60 1 19.17 <0.001 

Year 104.07 1 30.41 <0.001 

Temperature region 308.75 1 90.23 <0.001 

Elevation 1085.12 1 317.13 <0.001 

Latitude 90.12 1 26.34 <0.001 

Longitude 79.71 1 23.30 <0.001 

MAP 167.34 1 48.91 <0.001 

Year x temperature 

region 
18.86 1 5.51 0.0192 

Residuals 2001.68 585   
Adjusted R2 0.88       
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Appendix 2. The estimated sensitivity of Streptanthus tortuosus to each climate variable of 

interest. 

 

bFFP. Parameter estimates (a) and summary statistics (b) for the multiple linear regression 

conducted to detect the effect of the beginning of the frost-free period (bFFP) on the 

specimen day of year of collection (DOY) in cool vs. warm regions (temperature region x 

bFFP) while controlling for the phenological index and the mean annual precipitation 

(MAP) among specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 132.81 3.39 39.15 <0.001 

Phenological Index (PI) 17.87 1.13 15.76 <0.001 

Temperature region 9.74 1.65 5.92 <0.001 

bFFP 0.39 0.039 10.22 <0.001 

MAP 0.010 0.0013 7.95 <0.001 

Temperature region x 

bFFP 
-0.13 0.039 -3.27 0.001 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 575169.55 1 1532.35 <0.001 

Phenological Index (PI) 93244.72 1 248.42 <0.001 

Temperature region 13136.36 1 35.00 <0.001 

bFFP 39172.55 1 104.36 <0.001 

MAP 23744.80 1 63.26 <0.001 

Temperature region x 

bFFP 
4025.37 1 10.72 0.001 

Residuals 220331.36 587   
Adjusted R2 0.73       
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NFFD. Parameter estimates (a) and summary statistics (b) for the multiple linear regression 

conducted to detect the effect of the number of frost free days in the year of collection 

(NFFD) on the specimen day of year of collection (DOY) in cool vs. warm regions 

(temperature region x NFFD) while controlling for the phenological index and the mean 

annual precipitation (MAP) among specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 131.90 3.55 37.17 <0.001 

Phenological Index (PI) 17.75 1.15 15.42 <0.001 

Temperature region 8.18 1.73 4.73 <0.001 

NFFD -0.24 0.023 -10.65 <0.001 

MAP 0.012 0.0013 8.75 <0.001 

Temperature region x 

NFFD 
0.079 0.023 3.42 <0.001 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 533857.05 1 1381.89 <0.001 

Phenological Index (PI) 91865.17 1 237.79 <0.001 

Temperature region 8654.09 1 22.40 <0.001 

NFFD 43799.85 1 113.38 <0.001 

MAP 29608.86 1 76.64 <0.001 

Temperature region x 

NFFD 
4522.31 1 11.71 <0.001 

Residuals 226771.73 587   
Adjusted R2 0.72       
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MAP. Parameter estimates (a) and summary statistics (b) for the multiple linear regression 

conducted to detect the effect of mean annual precipitation (MAP) on the specimen day of 

year of collection (DOY) in cool vs. warm regions (temperature region x MAP) while 

controlling for the phenological index and the mean annual temperature (MAT) among 

specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 200.39 4.35 46.07 <0.001 

Phenological Index (PI) 17.12 1.08 15.82 <0.001 

Temperature region -5.27 1.89 -2.79 0.005 

MAP 0.0092 0.0013 7.21 <0.001 

MAT -6.82 0.40 -17.24 <0.001 

Temperature region x 

MAP 
0.0024 0.0013 1.81 0.071 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 722410.12 1 2122.65 <0.001 

Phenological Index (PI) 85165.96 1 250.24 <0.001 

Temperature region 2644.01 1 7.77 0.005 

MAP 17682.80 1 51.96 <0.001 

MAT 101103.33 1 297.07 <0.001 

Temperature region x 

MAP 
1112.88 1 3.27 0.071 

Residuals 199776.08 587   
Adjusted R2 0.76       
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MAT. Parameter estimates (a) and summary statistics (b) for the multiple linear regression 

conducted to detect the effect of mean annual temperature (MAT) on the specimen day of 

year of collection (DOY) in cool vs. warm regions (temperature region x MAT) while 

controlling for the phenological index and the mean annual precipitation (MAP) among 

specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 142.82 3.54 40.29 <0.001 

Phenological Index (PI) 16.87 1.06 15.85 <0.001 

Temperature region -3.60 1.83 -1.97 0.050 

MAT -6.39 0.38 -16.74 <0.001 

MAP 0.0073 0.0013 5.76 <0.001 

Temperature region x 

MAT 
1.93 0.39 4.94 <0.001 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 533496.764 1 1623.59992 <0.001 

Phenological Index (PI) 82568.927 1 251.283442 <0.001 

Temperature region 1270.81179 1 3.86748348 0.050 

MAT 92051.0595 1 280.140579 <0.001 

MAP 10894.6573 1 33.1558986 <0.001 

Temperature region x 

MAT 
8007.3305 1 24.3688472 <0.001 

Residuals 192881.631 587   
Adjusted R2 0.76       
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PAS. Parameter estimates (a) and summary statistics (b) for the multiple linear regression 

conducted to detect the effect of precipitation as snow (PAS) on the specimen day of year of 

collection (DOY) in cool vs. warm regions (temperature region x PAS) while controlling for 

the phenological index and the mean annual precipitation (MAP) among specimens in the 

reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 198.15 4.57 43.36 <0.001 

Phenological Index (PI) 17.98 1.08 16.68 <0.001 

Temperature region -19.32 2.70 -7.16 <0.001 

PAS 0.079 0.012 6.85 <0.001 

MAT -4.65 0.50 -9.33 <0.001 

Temperature region x 

PAS 
-0.063 0.011 -5.82 <0.001 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 640411.41 1 1880.12 <0.001 

Phenological Index (PI) 94823.02 1 278.38 <0.001 

Temperature region 17443.20 1 51.21 <0.001 

PAS 15967.82 1 46.88 <0.001 

MAT 29657.82 1 87.07 <0.001 

Temperature region x 

PAS 
11544.46 1 33.89 <0.001 

Residuals 199945.42 587   
Adjusted R2 0.76       
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Spring/summer Tave. Parameter estimates (a) and summary statistics (b) for the multiple 

linear regression conducted to detect the effect of average temperature (Tave) during the 

spring and summer on the specimen day of year of collection (DOY) in cool vs. warm 

regions (temperature region x spring/summer Tave) while controlling for the phenological 

index and the mean annual precipitation (MAP) among specimens in the reduced dataset 

(n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 143.61 3.45 41.68 <0.001 

Phenological Index (PI) 16.98 1.05 16.22 <0.001 

Temperature region -3.36 1.72 -1.95 0.0512 

Spring/summer Tave -6.14 0.34 -17.83 <0.001 

MAP 0.0059 0.0013 4.73 <0.001 

Temperature region x spring/summer 

Tave 
1.72 0.35 4.91 <0.001 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 553446.62 1 1737.47 <0.001 

Phenological Index (PI) 83756.58 1 262.94 <0.001 

Temperature region 1215.64 1 3.82 0.0512 

Spring/summer Tave 101270.08 1 317.92 <0.001 

MAP 7126.26 1 22.37 <0.001 

Temperature region x spring/summer 

Tave 
7664.22 1 24.06 <0.001 

Residuals 186980.34 587   
Adjusted R2 0.77       

 

  



 

 

 

125 

 

Spring/summer Tmax. Parameter estimates (a) and summary statistics (b) for the multiple 

linear regression conducted to detect the effect of maximum temperature (Tmax) during the 

spring and summer on the specimen day of year of collection (DOY) in cool vs. warm 

regions (temperature region x spring/summer Tmax) while controlling for the phenological 

index and the mean annual precipitation (MAP) among specimens in the reduced dataset 

(n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 143.46 3.42 41.91 <0.001 

Phenological Index (PI) 17.37 1.07 16.29 <0.001 

Temperature region -0.38 1.62 -0.23 0.815 

Spring/summer Tmax -5.12 0.30 -17.22 <0.001 

MAP 0.0034 0.0013 2.61 0.009 

Temperature region x spring/summer 

Tmax 
1.10 0.30 3.70 <0.001 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 538789.02 1 1472.13 <0.001 

Phenological Index (PI) 85612.83 1 233.92 <0.001 

Temperature region 420.16 1 1.15 0.815 

Spring/summer Tmax 73051.58 1 199.60 <0.001 

MAP 22947.06 1 62.70 0.009 

Temperature region x spring/summer 

Tmax 
7280.28 1 19.89 <0.001 

Residuals 214838.04 587   
Adjusted R2 0.76       
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Spring/summer Tmin. Parameter estimates (a) and summary statistics (b) for the multiple 

linear regression conducted to detect the effect of minimum temperature (Tmin) during the 

spring and summer on the specimen day of year of collection (DOY) in cool vs. warm 

regions (temperature region x spring/summer Tmin) while controlling for the phenological 

index and the mean annual precipitation (MAP) among specimens in the reduced dataset 

(n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 136.94 3.57 38.37 <0.001 

Phenological Index (PI) 17.18 1.12 15.29 <0.001 

Temperature region 1.91 1.78 1.07 0.284 

Spring/summer Tmin -5.36 0.38 -14.13 <0.001 

MAP 0.01 0.0013 7.92 <0.001 

Temperature region x 

spring/summer Tmin 
1.72 0.38 4.46 <0.001 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 538789.022 1 1472.12827 <0.001 

Phenological Index (PI) 85612.8274 1 233.919138 <0.001 

Temperature region 420.164604 1 1.14801187 0.284 

Spring/summer Tmin 73051.5756 1 199.598146 <0.001 

MAP 22947.0564 1 62.6980304 <0.001 

Temperature region x 

spring/summer Tmin 
7280.2807 1 19.8918438 <0.001 

Residuals 214838.042 587   
Adjusted R2 0.74       
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Winter Tave. Parameter estimates (a) and summary statistics (b) for the multiple linear 

regression conducted to detect the effect of the average temperature (Tave) during winter on 

the specimen day of year of collection (DOY) in cool vs. warm regions (temperature region 

x winter Tave) while controlling for the phenological index and the mean annual 

precipitation (MAP) among specimens in the reduced dataset (n=593).  

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 135.89 3.49 38.93 <0.001 

Phenological Index (PI) 17.31 1.13 15.39 <0.001 

Temperature region 3.20 1.73 1.85 0.0642 

Winter Tave -5.06 0.37 -13.85 <0.001 

MAP 0.010 0.0013 7.83 <0.001 

Temperature region x winter 

Tave 
1.50 0.37 4.08 <0.001 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 557777.42 1 1515.45902 <0.001 

Phenological Index (PI) 87125.5437 1 236.716629 <0.001 

Temperature region 1265.14457 1 3.43734737 0.0642 

Winter Tave 70572.9216 1 191.743815 <0.001 

MAP 22539.1889 1 61.2380779 <0.001 

Temperature region x winter 

Tave 
6114.62834 1 16.6132015 <0.001 

Residuals 216050.28 587   
Adjusted R2 0.74       
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Winter Tmax. Parameter estimates (a) and summary statistics (b) for the multiple linear 

regression conducted to detect the effect of the maximum temperature (Tmax) during winter 

on the specimen day of year of collection (DOY) in cool vs. warm regions (temperature 

region x winter Tmax) while controlling for the phenological index and the mean annual 

precipitation (MAP) among specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 139.61 3.40 41.08 <0.001 

Phenological Index (PI) 17.38 1.14 15.24 <0.001 

Temperature region 7.62 1.54 4.96 <0.001 

Winter Tmax -4.44 0.35 -12.85 <0.001 

MAP 0.0067 0.0013 5.03 <0.001 

Temperature region x winter 

Tmax 
1.53 0.34 4.48 <0.001 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 637645.88 1 1687.79 <0.001 

Phenological Index (PI) 87765.14 1 232.31 <0.001 

Temperature region 9295.26 1 24.60 <0.001 

Winter Tmax 62377.67 1 165.11 <0.001 

MAP 9555.27 1 25.29 <0.001 

Temperature region x winter 

Tmax 
7580.10 1 20.06 <0.001 

Residuals 221768.33 587   
Adjusted R2 0.73       
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Winter Tmin. Parameter estimates (a) and summary statistics (b) for the multiple linear 

regression conducted to detect the effect of the minimum temperature (Tmin) during winter 

on the specimen day of year of collection (DOY) in cool vs. warm regions (temperature 

region x winter Tmin) while controlling for the phenological index and the mean annual 

precipitation (MAP) among specimens in the reduced dataset (n=593). 

a.      
Independent variable Estimate SE t ratio P>|t| 

Intercept 131.25 3.56 36.85 <0.001 

Phenological Index (PI) 17.65 1.16 15.22 <0.001 

Temperature region 4.26 1.78 2.39 0.0172 

Winter Tmin -4.37 0.34 -12.76 <0.001 

MAP 0.014 0.0014 9.92 <0.001 

Temperature region x winter 

Tmin 
1.47 0.34 4.33 <0.001 

     
b.     

Source of variation Sum Sq df F value Pr(>F) 
Intercept 532071.51 1 1357.55 <0.001 

Phenological Index (PI) 90736.10 1 231.51 <0.001 

Temperature region 2238.96 1 5.71 0.0172 

Winter Tmin 63817.64 1 162.83 <0.001 

MAP 38600.15 1 98.49 <0.001 

Temperature region x winter 

Tmin 
7332.79 1 18.71 <0.001 

Residuals 230065.13 587   
Adjusted R2 0.72       
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Chapter 3: Models forecast range loss and regional flowering time 

divergence in response to climate change in a montane wildflower 

(Streptanthus tortuosus, Brassicaceae) 

By Natalie L.R. Love, Timothy J. Sears, and Susan Mazer 

 

Abstract 

Climate change has altered both the spatial and seasonal availability of suitable habitat, and 

has impacted not only where species occur but also when they reproduce. In order to 

accurately forecast how species will be impacted by climate change in the future, we need to 

predict how both the distribution and phenology of species will respond to changes in 

climate. To make such predictions, we used herbarium records of the mountain jewelflower 

(Streptanthus tortuosus – Brassicaceae) to construct a species distribution model (SDM) and 

a phenoclimatic model (PCM). We limited our occurrence records to herbarium records with 

reproductive specimens; thus, our SDM can be used to identify habitats that are suitable for 

reproduction specifically. The PCM was constructed to characterize how the mountain 

jewelflower has responded to inter-annual variation in climate in both warm and cool 

regions of its range during the past century. Both models were applied to two climate change 

scenarios at two time periods to forecast how the distribution and peak flowering date of S. 

tortuosus will be affected by climate change. The climate is predicted to become warmer 

and slightly drier under all scenarios. The species’ range is predicted to decrease under all 

future scenarios, and shift north and to higher elevations, assuming no dispersal limitation. 

The PCM predicts that populations of S. tortuosus will reach peak flowering 9-48 days 
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earlier, depending on the scenario and assuming that flowering competence is retained. In 

addition, the PCM predicts that flowering time will diverge regionally, especially in the 

distant future (2080-2100). By constructing both an SDM and PCM, we are able to gain a 

greater insight into how this species may be affected by climate change than using either 

model alone. Our study highlights the utility of natural history collections for predicting the 

effects of climate change on species’ ranges and on their phenological behavior. 

 

Introduction 

Climate change is altering the availability of suitable habitat worldwide (Walther et 

al., 2002; Klausmeyer and Shaw, 2009; Loarie et al., 2009). Plants not only need to occupy 

climates that are suitable for growth, but they must also reproduce when conditions are 

favorable (Donohue, 2005; Blackman, 2017). Consequently, changes in climate have 

affected not only where species occur, but also when they reproduce (Parmesan and Yohe, 

2003; Primack et al., 2004; Cleland et al., 2007). Species have already responded to climate 

change by migrating toward the poles or to higher elevations (Parmesan, 2006; Holzinger et 

al., 2008) and by advancing the timing of seasonal life cycle events (i.e., phenology, Cleland 

et al., 2007; Parmesan, 2007; Menzel et al., 2020). Because climate change will continue to 

alter both the spatial and temporal distribution of suitable conditions for growth and 

reproduction (Hayhoe et al., 2004; Cayan et al., 2008; Ackerly et al., 2010), a 

comprehensive understanding of the effects of climate change on individual species requires 

estimates of its effects on species’ ranges and on their phenology (Morin et al., 2007; 

Hereford et al., 2017; Prevéy, Parker and Harrington, 2020; Prevéy, Parker, Harrington, et 

al., 2020). To date, few studies have attempted to project the effects of upcoming climate 



 

 

 

132 

change on both the distribution of suitable habitat and on the timing of vital phenological 

stages, such as (Hereford et al., 2017; Prevéy, Parker and Harrington, 2020; Prevéy, Parker, 

Harrington, et al., 2020). 

One way that populations are likely to respond to climate change is by migrating to 

more suitable habitats (Parmesan, 2006; Chen et al., 2011; Corlett and Westcott, 2013). 

Species may migrate to novel habitats outside of their contemporary range as those areas 

become suitable, or they may become restricted to habitats within their range that remain 

suitable (Dyderski et al., 2018; Kolanowska et al., 2020). Indeed, ecologists have already 

documented range shifts in response to climate change (Parmesan, 2006; Holzinger et al., 

2008; Chen et al., 2011). For example, Kelly and Goulden (2008) documented an average 

upward shift of 65 meters among dominant species in Southern California’s Santa Rosa 

Mountains since 1977. Predicting where and how quickly species’ ranges may shift in 

response to climate change is a necessary step towards forecasting, and potentially 

mitigating, the effects of these shifts on mutualistic species interactions (Walther, 2000; 

Schwartz, 2012). Species distribution models (SDMs) can be used to make such predictions 

(Phillips and Dudík, 2008; Elith and Leathwick, 2009; Elith et al., 2010). These models 

quantify the relationship between species’ occurrences and environmental factors at a given 

location, and can be used to assess the suitability of any particular set of conditions for a 

given species (Elith et al., 2011). Once constructed using a species’ contemporary or recent 

geographic distribution, an SDM can be applied to projected future climatic conditions to 

assess how they will affect habitat suitability, and thus the species’ future distribution (Elith 

and Leathwick, 2009; Lake et al., 2020). 



 

 

 

133 

The timing of reproduction (i.e., reproductive phenology) is an important 

determinant of plant fitness (Donohue, 2005; Forrest and Miller-Rushing, 2010), so the 

ability of a species to phenologically track favorable climatic conditions will ultimately 

determine whether it can persist in a given location (Chuine and Beaubien, 2001; Chuine, 

2010; Cleland et al., 2012; Austen et al., 2017; Blackman, 2017). We can quantify how 

species respond phenologically to climate by constructing phenoclimatic models (PCMs) 

with empirical phenological observations (Cleland et al., 2007; Wolkovich et al., 2012). 

PCMs are designed to characterize the relationship between the onset date of a phenophase 

or the timing of a particular stage (e.g., peak flowering) and local climatic conditions across 

a species’ range. The slope of this relationship denotes the change in days per unit change in 

a given climate variable (e.g., days per °C), and is often termed ‘phenological sensitivity’ 

(Cleland et al., 2012; Wolkovich et al., 2012). By evaluating how species respond 

phenologically to interannual variation in climate, we can begin to predict how species will 

shift their phenology in response to future climate change (Pau et al., 2011; Wolkovich et 

al., 2014; Piao et al., 2019; Taylor and White, 2020).  

Phenological responses to interannual variation in climate may not be consistent 

across the range of a species, and regional variation in phenological sensitivity to climate 

can lead to divergent responses to climate change (Prevéy et al., 2017; Rafferty et al., 2020; 

Song et al., 2020; Chapter 2 of this dissertation; Love and Mazer, in prep). For example, in a 

previous study, we found that individuals of Streptanthus tortuosus Kellogg (Brassicaceae), 

a montane wildflower native to California, were more sensitive to temperature in warmer 

regions of their range than in cooler regions (Love and Mazer, in prep; see Chapter 2 of this 

dissertation). As a result of this region-specific sensitivity, greater historical advancement of 
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flowering date was observed among individuals in warm regions than in cool regions. 

Despite other reports of regional variation in phenological sensitivity to climate (Wang et 

al., 2015; Prevéy et al., 2017; Park et al., 2018; Song et al., 2020), and its potential impact 

on flowering time divergence (Rafferty et al., 2020), no previous studies have incorporated 

regional variation in climate sensitivity into phenoclimatic models designed to predict the 

effects of climate change on flowering date of wild species. 

 In order to accurately predict how a given species will respond to future climate 

change, we need to predict not only where the habitat will be suitable for it, but also when it 

will be suitable for reproduction. In other words, we need to predict how species will 

respond to climate change in both space and time. While many studies have constructed 

SDMs to predict the effects of climate change on species’ distributions, few have combined 

SDMs with phenoclimatic models to predict how both the distribution and the phenology of 

species will be altered by climate change (Morin et al., 2007; Hereford et al., 2017; Prevéy, 

Parker and Harrington, 2020; Prevéy, Parker, Harrington, et al., 2020). Combining both of 

these types of models will enhance our understanding of species’ responses to climate 

change. 

Here, we use 738 herbarium records to construct a SDM and a PCM to predict the 

effects of climate change on the distribution and phenology of the mountain jewelflower 

(Streptanthus tortuosus), a wide-spread montane wildflower native to the California Floristic 

Province, under two climate change scenarios (SSP 2-4.5 and SSP 5-8.5) in both the near 

(2021-2040) and distant (2080-2100) future. Streptanthus tortuosus is well-suited for this 

study because it is represented by over a century of herbarium specimens collected in 

flower, which can be used to construct robust SDMs and PCMs (Hernandez et al., 2006; 



 

 

 

135 

Loiselle et al., 2008; Feeley and Silman, 2011; van Proosdij et al., 2016). Furthermore, this 

species is sensitive to climate (Love et al., 2019) and, because it has been affected 

phenologically by climate change during the past 100 years (Love and Mazer, in prep), we 

expect that it has the capacity to continue to respond via phenological shifts .Although many 

SDMs for plant species have been constructed using occurrence data derived from 

herbarium specimens (Lavoie, 2013; Amici, 2014; Nualart et al., 2017), not all herbarium 

collections represent reproductive specimens. To address this issue, we refined the use of the 

SDMs to explicitly assess which environments are suitable for successful reproduction by 

only using occurrence records that represent reproductive events (i.e., production of flowers 

and/or fruits) to build our model (Hereford et al., 2017; Correa-Lima et al., 2019).   

In the current study, we address the following questions. (1) How will the area and 

distribution of habitat suitable for reproduction in this species be influenced by climate 

change? (2) Will the species’ range shift to higher elevations or to more northern latitudes to 

track climate? (3) How will peak flowering time change in response to predicted changes in 

temperature and precipitation, assuming that no other factors prevent flowering? (4) Will 

regional variation in phenological sensitivity result in flowering time divergence between 

warm and cool regions of the species’ range? 

 

Methods 

Study system – The mountain jewelflower (Streptanthus tortuosus Kellogg; Brassicaceae) is 

an annual or short-lived perennial forb that is endemic to the California Floristic Province 

(CFP), a floristic province characterized by a Mediterranean climate with hot, dry summers 

and cool, wet winters. In California, S. tortuosus is found in North Coast Ranges, Klamath 
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Mountains, Cascade Mountains, and throughout the Sierra Nevada, at elevations ranging 

from 70-3800 meters. The species generally occurs on rock outcrops or in shallow, gravelly 

soils across a wide range of climates from hot, dry foothills to alpine environments (Baldwin 

et al., 2012).  

 

Climate data – Climate data for contemporary (1970-2000) and future (2021-2040; 2081-

2100) conditions were obtained from WorldClim version 2.1 at a resolution of 2.5 minutes 

(~4km grid cell size; Fick and Hijmans, 2017; www.worldclim.org). We downloaded 19 

biologically-important climate variables (bioclim variables; bio01-bio19), elevation, and 

solar radiation in a raster format at a global extent (Booth, 2018). Raster layers were cropped 

and masked to the boundary of the CFP using the R package raster (Burge et al., 2016; 

Hijmans, 2020; Figure 2).  

Environmental data are often highly collinear; thus, to reduce collinearity among the 

variables, we calculated pairwise Pearson correlation coefficients among all 21 variables and 

selected those with r < |0.8| that were likely to be biologically important in a Mediterranean 

climate (Merow et al., 2013; De Marco and Nóbrega, 2018). This process retained eight 

variables that were included in the SDM tested here: bio01- mean annual temperature 

(MAT); bio02- mean monthly diurnal range; bio04 - temperature seasonality (standard 

deviation of mean monthly temperature x 100); bio05 - maximum temperature of the 

warmest month; bio12 - mean annual precipitation (MAP); bio15 - precipitation seasonality 

(coefficient of variation of mean monthly precipitation); bio18 - precipitation of the warmest 

quarter; and solar radiation (srad_ann; Table 2). 
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We downloaded climate data representing four future scenarios: two emission 

scenarios (shared socioeconomic pathways, or SSPs, 2-4.5 and SSP 5-8.5), each applied to 

two time periods (2021-2040 and 2081-2100). These scenarios are based on CMIP Phase 6 

(CMIP6) general circulation models (i.e., climate models; GCMs) that take into account how 

global society, economics, and demographics may affect greenhouse gas emissions over the 

next century (Riahi et al., 2017). Socioeconomic pathway 2-4.5 represents a middle-of-the-

road scenario where global trends in energy use and emissions remain relatively similar to 

historical trends. Socioeconomic pathway 5-8.5 represents a more extreme climate change 

scenario with rapid and unconstrained economic growth and a continued reliance on fossil 

fuels (Riahi et al., 2017). To integrate variation in climate predictions for each of the four 

scenarios, we averaged model projections for each scenario across five CMIP6 GCMs to 

produce an ensemble: BCC-CSM2-MR, CNRM-CM6-1, CNRM-ESM2-1, CanESM5, and 

MIROC6 (Sanderson et al., 2015).  

In a previous analysis of the factors that influence flowering date in this species 

(Chapter 2 of this dissertation; Love and Mazer, in prep), we found that both the long-term 

climate mean and year-specific climate anomalies at the site of specimen collection (i.e., the 

deviation between conditions at the site during the year of collection and long-term climate 

conditions at that site) affect flowering date. Therefore, to predict flowering dates of plants 

sampled in the future at particular locations, we needed to obtain year-specific MAT and 

MAP in order to calculate both long-term climate means and year-specific climate 

anomalies for each herbarium collection in our dataset. We downloaded a set of rasters that 

represented MAT and MAP during each year between 1895 and 2013 from PRISM at a 4km 

resolution (PRISM Climate Group, 2004). From these, we created rasters that represented 
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the long-term mean MAT and MAP before the onset of rapid temperature increases (1895-

1970; Jiménez-de-la-Cuesta and Mauritsen, 2019) and MAP and MAP anomalies during 

each year between 1895 and 2013. 

 

Herbarium records – Herbarium records were used both as a source of occurrence data and 

as a source of phenological observations. We assembled 1,138 imaged herbarium records 

representing the range of S. tortuosus and removed duplicate specimens, specimens with an 

error radius >4km, specimens lacking reproductive structures, and specimens without an 

exact date of collection. This resulted in 738 reproductive occurrence records of S. tortuosus 

collected between 1902 and 2013.  

To extract phenological data from each record, we first recorded the day of year of 

collection (DOY; 1-365) and the year of collection. Second, we used ImageJ and the 

available plug-in Cell Counter to count the number of buds, flowers, and both immature and 

mature fruits present on each specimen following the protocol described by Love et al. 

(2019; Chapter 1 of this dissertation). We used these counts to calculate a phenological 

index (PI) – a quantitative metric derived from the proportion of buds, flowers, immature 

and mature fruits multiplied by a value representing the developmental stage of each class 

(buds = 1, flowers = 2, immature fruits = 3, and mature fruits = 4; Love et al., 2019). This 

results in a phenological score that ranges from 1 (a plant composed of all buds) to 4 (a plant 

composed of all fruits) on a continuous scale. Because herbarium records are collected 

across a wide range of phenological stages and because there is a strong positive correlation 

among specimens between the PI and the day of year of collection (Love et al., 2019), the PI 
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can be included in phenoclimatic models as a quantitative way to control for this variation 

and can improve model fit and predictive power (Love et al., 2019). 

The georeferenced herbarium records were also used as a source of reproductive 

occurrence records for constructing a species distribution model (described below). To 

reduce spatial collection bias among occurrence records, we used the package spThin to thin 

occurrences based on a nearest neighbor distance of 1.7 km (Fourcade et al., 2014; Aiello-

Lammens et al., 2015). This distance was determined by constructing a spatial variogram 

which estimates the distance at which occurrences are independent in environmental space 

(Pebesma, 2004; Veloz, 2009). This resulted in 549 occurrence records that were used to 

construct the species distribution model.  

 

Species distribution model – To construct a species distribution model (SDM) for S. 

tortuosus, we used Maxent (Maximum Entropy), a widely-used method designed to model 

species distributions from presence-only occurrence data such as those available from 

herbarium records (Hijmans and Graham, 2006; Phillips et al., 2006; Phillips and Dudík, 

2008; Elith et al., 2011; Amici, 2014). The model was constructed with the 549 occurrence 

points plus 10,000 background points randomly sampled within the California Floristic 

Province (the defined study area) from the rasters representing the eight environmental 

variables (Hijmans and Elith, 2017). We used linear, quadratic, product, and hinge feature 

types to model the relationship between the probability of occurrence in each grid cell and 

the values of the environmental predictors at each grid cell. Specifically, the output of the 

Maxent model gives the probability of occurrence (0-1) under a set of environmental 
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conditions, and this parameter can be used to estimate the relative suitability of one location 

vs. another location within the CFP.  

In order to evaluate the predictive power of the SDM, we calculated the area under 

the receiver operating characteristic curve (AUC) test statistic, which was determined using 

k-fold cross-validation with five folds (Hijmans and Elith, 2017). The AUC is a commonly-

used SDM evaluation metric that ranges from 0-1 (Elith et al., 2011). A high AUC value 

(e.g.,  >0.8) indicates that those grid cells where the model predicts relatively high habitat 

suitability tend to be those cells with confirmed species’ occurrences. An AUC of 0.5 

indicates that the model is no better than random at predicting an occurrence of S. tortuosus 

at a particular location. The k-fold cross-validation was performed by splitting the presence 

and background points into five subsets or “folds”. The SDM was then fit or trained on four 

of the subsets pooled together and evaluated using the excluded subset (i.e., the test set). 

This allows us to evaluate the predictive power of the model when applied to the test set 

(Fielding and Bell, 1997; Elith et al., 2011). To construct binary presence/absence species 

range maps, we used the maximum of the sum of the sensitivity (i.e., true positive rate) and 

specificity (i.e., true negative rate) as a threshold to assign grid cells as presence or absence 

of S. tortuosus (Liu et al., 2005). Generally, this threshold is the lowest suitability score with 

a confirmed presence. The Maxent model was constructed and evaluated using the maxent() 

and evaluate() functions, respectively, in the R package dismo (Hijmans and Elith, 2017; 

Hijmans et al., 2017). 

 

Applying the SDM to future climate scenarios – The S. tortuosus SDM model trained on 

the contemporary environmental rasters was then projected onto the future environmental 
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rasters to forecast how the habitat suitability for S. tortuosus would be affected by climate 

change. We used the predict() function from the package dismo and the SDM to calculate 

the suitability (0-1) in each grid cell in the CFP under each of the two future climate 

scenarios at two time periods. To prevent the SDM from extrapolating in novel climates 

outside the values in the training data, we set clamping to TRUE. Clamping prevents the 

model from assuming that S. tortuosus can tolerate environmental conditions outside of the 

range that it currently occupies. We used the same threshold as above to construct binary 

presence/absence rasters under each of the two scenarios and time periods. 

 The binary presence/absence maps predicted for each future climate scenario and 

time period were used to calculate changes in range size, mean elevation, and latitude. First, 

we constructed rasters where, for each future scenario and time period, each grid cell 

represented range expansion (gain), range loss, or no change relative to contemporary 

conditions. Next, we used the area() function in the raster package to calculate the range 

area lost, gained, or unchanged under each future scenario. Then, we used the binary 

presences/absence maps to calculate the mean latitude (using the grid cell centroid) and 

elevation occupied by S. tortuosus under each scenario. Finally, we characterized changes in 

all seven climate variables under each future scenario relative to contemporary conditions 

within the contemporary range extent of S. tortuosus. We assumed that solar radiation would 

not change between contemporary and future time periods. 

  

Phenoclimatic models – To predict temporal shifts in flowering time of S. tortuosus in 

response to future changes in climate, we first needed to estimate the sensitivity of DOY 

(i.e., change in DOY per °C or mm of precipitation) to inter-annual variation in climate (i.e., 
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climate anomalies during the year of specimen collection) and to spatial variation in long-

term mean climate. In a previous study, we found that the sensitivity of flowering date to 

temperature varied regionally — individuals collected in warm regions are more sensitive to 

temperature than those collected in cool regions (Chapter 2 of this dissertation; Love and 

Mazer, in prep). Thus, we wanted to take into account this regional variation in temperature 

sensitivity when applying phenoclimatic models into the future. We divided the 738 

specimens into cool and warm region datasets based on their median long-term MAT 

(7.97°C). Next, we constructed two linear models (one for each region) with DOY as the 

response variable and included the PI, long-term mean MAT, long-term mean MAP, the 

MAT and MAP anomalies as predictor variables (Equation 1). We included long-term mean 

climate as a main effect in the model to (1) estimate the effect of spatial variation in long-

term mean temperature on DOY and (2) to control for baseline climate when estimating the 

effect of inter-annual variation in climate (i.e., climate anomalies) on DOY. We used k-fold 

cross-validation with five folds to evaluate the predictive capacity of both models using the 

train() function in the R package caret (Kuhn, 2020). 

 

Equation 1: 

DOY = β0 + β1*PI + β2*MATlong-term mean + β3*MAPlong-term mean + β4*MATanomaly + 

β5*MAPanomaly + ɛ 

 

Once the models were constructed, we used them to predict DOY of peak flowering 

at each grid cell in the CFP under contemporary climatic conditions (1970-2000) and to 

forecast the DOY under each of the two climate change scenarios and time periods. To 
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estimate contemporary and future climate anomalies in each grid cell, we used the deviation 

between the long-term mean MAT and MAP (1895-1970) and the contemporary or 

projected MAT and MAP (bio01 and bio12, respectively; Equation 1). Because we included 

the PI as a predictor variable in the model, we could predict the DOY at any specific PI 

value or phenophase. To predict the DOY at peak flowering, we used a PI value of 1.94, 

which is the mean PI of specimens with >50% flowers. This resulted in a set of 10 rasters 

that represented the predicted peak flowering DOY under contemporary (1 raster/region x 2 

regions) or future climate conditions and in either warm or cool regions (1 rasters/region x 2 

regions x 4 scenarios). 

Next, we created two rasters that, respectively, represented the extent of S. tortuosus 

in the cool or warm region of the species’ range (Figure S1). We cropped and masked each 

of the 10 predicted DOY rasters to either the cool or warm region extent raster (depending 

on whether the cool or warm region model was used to predict the DOY). The predicted 

DOY rasters that represented the four future scenarios were then further masked to the 

predicted range extent of S. tortuosus under each scenario. This resulted in a set of 10 rasters 

that represented the predicted DOY and range extent under contemporary conditions and 

under each climate change scenario. All statistical analyses and raster manipulations were 

performed in R version 4.0.2 (R Core Team, 2019). 

 

Results 

Changes in climate within the contemporary range of S. tortuosus – When compared to 

contemporary climate conditions, the GCMs predict that MAT, maximum temperature of the 

warmest month, and temperature variability will increase under all climate change scenarios 
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(Table 1). Increases in mean temperature in the near future (2021-2040) are predicted to be 

similar under both the middle-of-the-road scenario (SSP 2-4.5; +1.75±0.16°C) and the more 

extreme scenario (SSP 5-8.5;1.83±0.15°C; Table 1; Figure S2). However, predicted 

increases in temperature in the distant future (2081-2100) are more extreme for the SSP 5-

8.5 scenario (+6.00±0.46) than the SSP 2-4.5 scenario (+3.52±0.28°C; Table 1; Figure S2). 

Under all scenarios, increases in MAT are predicted to be greatest for locations farthest from 

the coast (Figure S9). Maximum temperature in the warmest quarter (bio05) is predicted to 

increase more than mean temperature under all scenarios (Table 1; Figure S5).  The GCMs 

also predict that the temperature will become more variable across all scenarios with 

increases in the mean monthly diurnal range (bio02: + 0.26±0.059 to 0.48±0.12) and in 

temperature seasonality (bio04: +26.36±3.40 to 83.36±6.98; Table 1; Figure S3 and S4). 

 The GCM’s predict that MAP will decrease while precipitation variability will 

increase (Table 1). Predicted decreases in MAP in the near future are similar under both 

scenarios (SSP 2-4.5: -8.33±3.58 mm; SSP 5-8.5: -11.39±4.80 mm), and are predicted to be 

more extreme in the distant future (SSP 2-4.5: -18.78±13.24 mm; SSP 5-8.5: -22.79±16.78; 

Table 1; Figure S6). Predicted increases in precipitation seasonality (precipitation coefficient 

of variation, bio15) range from 3.38±0.30 under SSP 2-4.5 in the near future to 7.38±1.18 

under SSP 5-8.5 in the distant future (Table 1, Figure S7). 

 

Species distribution model – The species distribution model constructed using Maxent 

performed well and provided a high predictive capacity (cross-validated AUC = 

0.89±0.006). Mean annual precipitation (bio12) was the most important variable in 

determining the relative suitability of a given location for S. tortuosus (variable contribution: 
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39.7%) followed by precipitation of the warmest quarter (13.8%), solar radiation (13%), and 

mean annual temperature (11.7%; Table 2). The variable response curves indicate the 

predicted habitat suitability for S. tortuosus across the range of values for that given variable 

independent of the other variables in the model (Figure 1). The response curves indicate that 

areas with relatively high precipitation, low precipitation seasonality, low precipitation 

during the warmest quarter (i.e., during summer), and mean annual temperatures less than 

10°C represent favorable environments for S. tortuosus (Figure 1).  

Under contemporary conditions, the model indicates that the most suitable habitat for 

S. tortuosus is distributed throughout the Sierra Nevada, Cascade Mountains, Klamath 

Mountains, and into the northern portion of the Coast Ranges (Figure 2a). The model 

predicts relatively low suitability (<0.3) along the central coast of California in Monterey 

County despite the presence of occurrences (Figure 2a). The suitability threshold at which 

the sum of the sensitivity and specificity was the highest was 0.31, and construction of a 

binary range extent raster based on this threshold resulted in a final range size of 81,280 km2 

under contemporary climate conditions (Table 3; Figure 2b).  

 The suitability for S. tortuosus is predicted to decrease in at least some areas of the 

CFP under both future climate scenarios at both time periods (Figure 3). Under both near-

future scenarios, habitat suitability for S. tortuosus is predicted to increase slightly in the 

northern portion of the CFP, but decrease at lower elevations in the Sierra Nevada, 

especially in the southern portion of the mountain range. Under both distant future scenarios, 

the suitability is predicted to decrease throughout most of the Sierra Nevada with up to a 

90% reduction in suitability under the SSP 5-8.5 scenario (Figure 3). 
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Range size change – The range area of S. tortuosus is predicted to decrease under both 

climate change scenarios at both time periods (Table 3, Figure 4). The predicted net loss in 

range area varies from 18.07% under the SSP 2-4.5 scenario in the near future (2021-2040) 

to 95.95% under the SSP 5-8.5 scenario in the distant future (2081-2100). Under the two 

near-future scenarios and the SSP 2-4.5 in the distant-future scenario, the model predicts 

small areas of range expansion in the northern portion of the range (Table 3, Figure 4). 

 

Direction of range shifts – Based on forecasted changes in climate, the SDM predicts that 

the range of S. tortuosus will move north and to higher elevations (Table 4). Under both 

near-future scenarios and under SSP 2.45 in the distant future, the climate is predicted to 

become unsuitable at low elevations, especially in the Sierra Nevada, (Table 4).  However, 

under SSP 5-8.5 in the distant future, the model predicts that the range of S. tortuosus will 

be restricted to low elevation regions in the northern portion of its range as suitability 

decreases across the relatively high elevation Sierra Nevada. Relative to contemporary 

conditions, the range center is predicted to shift less than one degree north under both near-

future scenarios and under SSP 2-4.5 in the distant future. However, the range center is 

expected to shift north 1.8° under SSP 5-8.5 in the distant future (range center contemporary 

climate: 39.28±1.55°N; under SSP 5-8.5 in the distant future: 41.11±0.43°N; Table 4; Figure 

4). 

 

Regional Phenoclimatic Models – The phenoclimatic models (PCMs) constructed for 

individuals in warm (n=369) and cool regions (n=369) showed that flowering date of S. 

tortuosus is sensitive to both spatial variation in long-term mean climate and inter-annual 
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variation in climate (Table 5). In both regions, individuals flower earlier in warmer portions 

of each region (sensitivity to MATlong-term mean) and during warmer-than-average years 

(sensitivity to MATanomaly; Table 5). However, individuals in warm regions are more 

sensitive to both long-term mean MAT (cool: -4.2±0.5 days/°C, p<0.001; warm: -7.9±0.4 

days/°C, p<0.001) and MAT anomalies during the year of specimen collection (cool: -

6.3±1.3 days/°C; warm: -8.61±1.4 days/°C; Table 5). Increased MAP delays flowering time, 

but the way in which MAP affects flowering date differs between warm and cool regions. 

Among herbarium specimens collected in cool regions, flowering time is sensitive only to 

MAP anomalies during the year of specimen collection (+0.88 days/100 millimeters; 

p<0.001) while in warm regions, flowering time is affected only by long-term mean MAP 

(+0.9 days/100 millimeters, p<0.001; Table 5). In both regions, the cross-validated R2 

indicates that the models have relatively high predictive power; however, this value was 

higher for the warm region PCM than the cool region PCM (cool: R2 = 0.47±0.097; warm: 

R2 = 0.66±0.031; Table 5). 

When the PCM is applied to contemporary climate conditions (1970-2000) across 

the range of S. tortuosus, the resulting map shows that peak flowering occurs earlier in low-

elevation mountain ranges (western Sierra Nevada and the southern portion of the Klamath 

and Cascade Mountains) and later in higher elevation portions of these mountain ranges 

(eastern and southern Sierra Nevada, Northern Klamath and Cascade Mountains; Figure 5a). 

Peak flowering occurs earlier and over a longer period of the year (based on its SD) in warm 

regions (mean DOY±SD = 160±21) than cool regions (mean DOY = 194±9; Figure 5b). 
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Changes in peak flowering date – The DOY of peak flowering is expected to advance under 

both scenarios and time periods in both warm and cool regions (Figure 6, Figure 7, Table 6). 

Under all four combinations, individuals in warm regions are predicted to advance their 

flowering date more than in cool regions, resulting in divergence of peak flowering date 

between regions (Figure 6, Figure 7, Table 6). Predicted changes in DOY are similar within 

regions under both near future scenarios. Peak flowering date in cool regions is predicted to 

advance 9.5±0.7 and 9.9±0.6 days under SSP 2-4.5 and SSP 5-8.5 near future scenarios, 

respectively. Similarly, peak flowering date in warm regions is predicted to advance 

15.1±1.4 and 15.8±1.3 days under SSP 2-4.5 and SSP 5-8.5 near-future scenarios, 

respectively (Table 6). However, under the distant-future scenarios, the predicted 

advancement is greater under the SSP 5-8.5 scenario (cool: 28.0±1.4 days; warm: 47.8±0.7 

days) than under the SSP 2-4.5 scenario (Figure 7; Table 6). When examining the 

distribution of predicted peak flowering date within warm vs. cool regions, the distribution 

is bimodal, apparently because locations closer to the coast are expected to be more buffered 

against changes in temperature (Figure S9). Consequently, the bimodal distributions 

represent the predicted advancement in those locations closer to vs. more distant from the 

coast within each region (Figure 7, Figure S9). Under all four combinations of climate 

change scenarios, the mean peak flowering date of individuals in warm and cool regions is 

predicted to diverge, with the greatest divergence occurring in the distant future under the 

SSP 5-8.5 scenario. 
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Discussion 

Here we combine a species distribution model (SDM) and a phenoclimatic model 

(PCM) to forecast how both the distribution and peak flowering time of S. tortuosus may be 

impacted by climate change. Assuming that S. tortuosus does not rapidly evolve in a way 

that increases its tolerance of climatic conditions that it does not currently occupy, and that 

its future geographic range in California is not limited by seed dispersal, the immediate 

consequences of projected climate change for this species’ geographic range are clear. When 

applied to two future climate scenarios at two time periods, the SDM tested in this study 

predicts strong declines in the availability of suitable habitat for S. tortuosus in the CFP. 

Moreover, this loss of suitable habitat is predicted to be more extreme under the SSP 5-8.5 

scenario in the distant future (2080-2100). However, populations that continue to occupy 

climatically suitable sites or that succeed in colonizing new ones may still face elevated 

climate-induced risks due to changes in interspecific competition, land cover, or soil quality 

— variables which were not explicitly considered in our models.  

The consequences of the advances in peak flowering predicted by the PCM tested 

here are more difficult to infer, as they will depend on whether effective pollinators are 

available during the altered flowering period; whether populations are exposed to novel 

competitors, floral predators, or diseases spread by pollen vectors; and whether populations 

are exposed to winter chilling conditions that may be necessary to induce flowering. 

Reliable predictions of the effects on population persistence of the climate-induced changes 

in phenology in any species will require parallel studies of the mutualistic and antagonistic 

species with which it interacts  (Forrest and Miller-Rushing, 2010; Kudo and Ida, 2013; 
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Huang and Hao, 2018; Correa-Lima et al., 2019). Below, we further discuss the implications 

and the limitations of our results.  

 

The SDM and the impact of climate change on the distribution of S. tortuosus -- In order 

for S. tortuosus to occupy or to persist in a given location, the environment must not only be 

suitable for its germination, establishment, and survival, but it must also be suitable for 

reproduction (Morin et al., 2007; Chuine, 2010; Hereford et al., 2017). By limiting our 

occurrence records to those herbarium specimens that were reproductive at the time of 

collection, our SDM represents the distribution of suitable habitat in 8-dimensional 

environmental space within which S. tortuosus can flower (Figure 2). The variable response 

curves indicate those conditions that are unsuitable for S. tortuosus and, thus, what 

environmental factors may constrain its distribution under current and future climate 

conditions (Figure 1). These curves show that high temperatures and low precipitation 

represent low habitat suitability for S. tortuosus, suggesting that this species may be 

constrained by dry conditions and increased evaporative stress, especially at the low-

elevation edge of its distribution (Figure 1a, Figure 1e, Figure 2).  

When the SDM is applied to the two future climate change scenarios at two time 

periods, the resulting suitability and range maps represent the areas that are predicted to be 

suitable for successful reproduction in the future (Figure 4). Under all scenarios and time 

periods, a net range loss is predicted (Figure 4, Table 3). Under the SSP 2-4.5 and SSP 5-8.5 

scenarios in the near future, the model predicts that habitat suitability will decrease at low 

elevations, resulting in extirpation in these areas as the climate becomes unfavorable for 

reproduction (Figure 3, Figure 4, Table 4). In addition, the model predicts some potential 
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areas of range expansion in the northern portion of the range where the habitat is predicted 

to become warm enough to support reproductive populations (Figure 4, Table 3). However, 

expansion of S. tortuosus into these novel habitats is contingent on its ability to disperse, to 

colonize new sites, to attract effective pollinators, and to withstand interspecific competition 

for resources in these new areas (Angert et al., 2011; Rodríguez-Medina et al., 2020). 

Despite the potential for range expansion under both near-future scenarios, the model 

predicts an overall net loss in range area of about 18% (Figure 3, Table 3).  

The predicted impacts of climate change on the distribution of S. tortuosus are 

similar under both socioeconomic pathways in the near future; however, in the distant 

future, the impacts become more extreme under SSP 5-8.5 than SSP 2-4.5. Under these 

scenarios, the area of suitable habitat for successful reproduction is predicted to decrease by 

45% under SSP 2-4.5 and by 96% under the more extreme SSP 5-8.5 scenario (Table 3). 

The range center is also expected to shift north under both scenarios, and under the SSP 5-

8.5 scenario, the range will be restricted to the northernmost portion of the species’ range as 

the climate in the Sierra Nevada becomes unsuitable for reproduction (Figure 3, Figure 4, 

Table 4). Based on the results of the model, the northern portion of the species’ range as 

well as higher elevations will serve as climate refugia for this species (Figure 4). 

Among the climatic variables examined here, cumulative MAP (bio12) is most 

strongly associated with the suitability of a given habitat to S. tortuosus in the CFP (Table 

2), and despite the relatively small predicted decreases in cumulative annual rainfall (-8 mm 

to -27 mm of MAP; Table 1), the model predicts range loss under both climate change 

scenarios at both time periods. Which climate variables in addition to MAP might be driving 

this pattern? If the range of S. tortuosus is restricted by areas where evaporative stress is 
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high, then increases in temperature independent of changes in MAP could increase 

evaporative stress and make the environment unsuitable for reproduction. Indeed, MAT is 

predicted to increase across all scenarios (Table 3, Figure S2, Figure S9), particularly in the 

distant future (+3.5 and +6.0°C for SSP 2-4.5 and 5-8.5, respectively) when range loss is 

predicted to be the greatest (Figure 4, Table 1). The variable response curves indicate that 

the relative suitability of a given habitat begins to decrease exponentially as temperature 

increases beyond 0°C; consequently, increases in MAT of 3.5°C or 6°C are likely to 

severely reduce habitat suitability (Figure 1a). Independent of these increases in MAT, 

rainfall is predicted to become more variable under each scenario, and these changes could 

also contribute to a reduction in suitable habitat area (Figure 1f).  

While most GCMs predict increases in MAT in California, the predicted changes in 

precipitation differ among models – some predict a wetter future while others predict a drier 

future (Hayhoe et al., 2004; Cayan et al., 2008; Pierce et al., 2013). Because MAP is the 

most important variable in determining the suitability of a given habitat (Table 2), there is 

therefore uncertainty in the predicted range changes for S. tortuosus. If the future is indeed 

wetter, then the increased precipitation may act to mitigate the negative effect of increased 

MAT and range loss may not be as extreme as predicted in this study. However, if 

precipitation becomes more variable as some models predict (Polade et al., 2017; Table 2), 

then this could negatively impact the habitat suitability for S. tortuosus in the future (Figure 

1f). To address the variability in MAP predictions among GCMs, we averaged five models 

together for each of the four scenarios (Sanderson et al., 2015). Thus, our predictions were 

generated under a moderately drier future (Table 1). 
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Caveats and SDM assumptions – There are a few assumptions and caveats to our model 

that warrant further discussion, especially when the SDM is applied to future climate 

scenarios. First, by using the clamping function in the Maxent program, our model assumes 

that S. tortuosus populations in the future will not be able to tolerate climates outside of the 

range currently experienced by this species. In other words, we assume that populations will 

not evolve rapidly to persist in novel climatic conditions. However, there are a few 

documented examples of rapid evolution in response to changes in climate. For example, 

Franks et al. (2007) documented the evolution of earlier flowering in Brassica rapa L. 

(Brassicaceae) following a drought, enabling the focal population to complete reproduction 

before the onset of drought at the end of the growing season (Franks et al., 2007; Franks, 

2011; Hamann et al., 2018). Additionally, Sultan et al. (2013) documented the evolution of 

increased physiological performance of an invasive species (Polygonum cespitosum [Blume] 

Nakai; Polygonaceae) in response to novel, drier conditions in its invaded range (Chuine, 

2010; Blackman, 2017; Piao et al., 2019). If populations of S. tortuosus are able to rapidly 

evolve increased physiological tolerance to evaporative stress or earlier flowering time, then 

this species’ may be able to persist in or colonize a larger geographic range than predicted 

here. However, because there are few examples of rapid evolution in response to short-term 

climate change (Franks et al., 2007; Anderson et al., 2012; Sultan et al., 2013), it remains 

unclear whether or how well populations will be able track rapid climate change via 

evolutionary adaptation (Jump and Peñuelas, 2005; Chevin et al., 2010; Cotto et al., 2017). 

Second, we assumed that if the climate is suitable for reproduction under the climate 

change scenarios examined here, then S. tortuosus will persist in that environment; however, 

other factors may limit species’ ranges besides climatic tolerance. For example, climate 
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change could result in the expansion of competitors (such as invasive species) or novel 

herbivores into the range of S. tortuosus that may impact its ability to persist in the future 

(Jarnevich and Stohlgren, 2009; Lemos et al., 2019; Legault et al., 2020). In addition, the 

distributions of S. tortuosus and its effective pollinators may not respond to climate change 

in a consistent manner, and this may result in portions of their range that no longer overlap. 

Using process-based species distribution models (e.g., Morin et al., 2007; Chuine, 2010) 

might allow us to address some of these limitations of the model evaluated here; however, 

these types of models require an immense amount of experimental and observational data 

for correct parameterization, and thus, have only been constructed for a limited number of 

species (Dormann et al., 2012).  

 

S. tortuosus is phenologically sensitive to both spatial and inter-annual variation in 

climate – Among herbarium specimens collected at large spatial and temporal scales, 

variation in flowering date (DOY) may be associated with spatial variation in long-term 

mean climatic conditions, inter-annual variation in climate (i.e., climate anomalies during 

the year of specimen collection), or both (Bontrager and Angert, 2016; Soper Gorden et al., 

2016; Munson and Long, 2017; Mazer et al., 2020). The region-specific PCMs constructed 

in this study were designed to characterize phenological responses to these two distinct 

sources of climate variation. They indicate that S. tortuosus is sensitive to spatial variation in 

chronic climatic conditions (i.e., long-term mean MAT and MAP) and to climate anomalies 

during the year of collection (i.e., warmer- or wetter-than average years). In both cool and 

warm regions, individuals flower earlier in relatively warm locations as well as during 

warmer-than-average years. However, individuals collected in warm regions are more 
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sensitive to both long-term mean MAT and MAT anomalies than those in cool regions 

(Table 5). In contrast, the association between flowering date and long-term vs. interannual 

MAP differs between regions. Individuals in cool regions are sensitive to MAP anomalies, 

but do not respond to spatial variation in long-term mean MAP; the converse applies in 

warm regions (Table 5). 

 

Peak flowering time is predicted to advance in response to climate change and to diverge 

between regions – In the future, populations will likely experience conditions that continue 

to deviate from the contemporary long-term mean conditions as temperature and 

precipitation anomalies become greater (e.g., warmer- and drier-than-average conditions; 

Table 1). We applied our region-specific PCMs to forecast how the peak flowering date of S. 

tortuosus will shift in response to the predicted changes in MAT and MAP anomalies. The 

models predict that warmer- and drier-than-average conditions in the future will result in an 

advancement of peak flowering time across the range of S. tortuosus (Figure 6, Figure 7, 

Table 6). However, because individuals in warm regions are more sensitive to MAT 

anomalies than individuals in cool regions (Table 5), a 1°C increase in MAT will result in a 

greater advancement in peak flowering date in warm regions than in cool regions. 

Individuals in cool regions, however, are more sensitive to MAP anomalies than those in 

warm regions, and therefore, drier-than-average conditions in the future are expected to have 

a greater advancing effect among individuals and populations of S. tortuosus occupying cool 

regions than those in warm regions. Despite the advancing effect of drier-than-average 

conditions in cool regions, peak flowering date is predicted to advance more in warm 

regions than in cool regions and to result in divergence in flowering time in response to 
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forecasted changes in MAT and MAP under both climate change scenarios in the near and 

distant future (Figure 7, Table 6). 

When applied to future climates, the PCM predicts that populations of S. tortuosus 

will reach peak flowering between 9 and 48 days earlier likely to ensure that reproduction 

occurs during climatic conditions that are favorable for successful reproduction. These shifts 

may be achieved via plastic responses to warmer-and-drier than average conditions 

(Blackman, 2017), adaptive responses to directional selection for earlier flowering time 

(Franks et al., 2007; Anderson et al., 2011; Austen et al., 2017), or both (Anderson et al., 

2012). Plasticity will likely be a crucial mechanism by which S. tortuosus responds to 

climate change during the next century (Gienapp et al., 2008; Nicotra et al., 2010; 

Blackman, 2017). Although the plastic capacity of this species has not been tested 

experimentally, the PCM constructed in this study demonstrates that S. tortuosus 

consistently flowers earlier in warmer-than-average years (Table 5). This pattern suggests 

that S. tortuosus changes its flowering time in response to inter-annual variation in 

temperature which likely represents a plastic response (Donohue, 2005; Munson and Long, 

2017). However, the plastic capacity of this species is unknown, and the evolution of either 

earlier flowering time or increased plastic capacity may be necessary to achieve greater 

shifts in flowering time (Jump and Peñuelas, 2005; Anderson et al., 2012; Piao et al., 2019). 

The predicted shift to earlier flowering time in response to increasing temperatures is 

consistent with the documented responses to contemporary climate change that have 

occurred during the past few decades (Parmesan and Yohe, 2003; Beaubien and Hamann, 

2011; Piao et al., 2019; Menzel et al., 2020), including patterns that we documented in S. 

tortuosus (Chapter 2 of this dissertation; Love and Mazer, in prep).  In a previous study, we 
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used herbarium specimens to document a 20-day advancement of flowering time in response 

to increases in temperature during the past century. However, this shift occurred only among 

individuals in warm regions because they are, collectively, more sensitive to changes in 

temperature than those collected in cool regions. Because of this difference in sensitivity to 

temperature, the PCM predicts that flowering time between these regions will continue to 

diverge (Figure 7, Table 6). This divergence may reduce gene flow between regions 

(Rafferty et al., 2020; Song et al., 2021). If early flowering represents a genetically-based 

adaptation to warm temperatures in warm regions of S. tortuosus’ range, then gene flow 

between regions may be especially critical for population persistence as the temperature 

increases in the future. Gene flow between regions can provide more genetic material for 

natural selection to act on; thus, a reduction in gene flow may impede the ability of these 

populations to evolve rapidly in response to climate change (Sexton et al., 2011; Bontrager 

and Angert, 2019). 

 

Potential consequences of phenological shifts  – Developmental transitions between many 

life cycle phases may rely on climatic cues; therefore, changes in climate may alter more 

than just the timing of peak flowering of S. tortuosus (Donohue, 2005; Post et al., 2008; De 

Frenne et al., 2013; CaraDonna et al., 2014; Augspurger and Zaya, 2020). For example, if 

warmer temperatures delay seed germination but advance peak flowering date, this could 

potentially affect the size at which a plant flowers and — particularly in predominately 

monocarpic species such as S. tortuosus — its reproductive output. The timing of seed 

germination in S. tortuosus is sensitive to climate, and high-elevation populations in cool 

regions of the species range require chilling for successful germination (Gremer et al., 2019, 
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2020). Accordingly, the predicted increases in temperature may delay seed germination 

which could have cascading effects on the timing of other developmental transitions, on 

individual fitness, and, ultimately, on population persistence (Kawagoe and Kudoh, 2010). 

Because developmental requirements of other life history transitions (e.g., chilling 

requirements for seed germination) may constrain the capacity of flowering time shifts, 

constructing PCMs that characterize the sensitivity of these transitions to climate may help 

elucidate whether these requirements could be feasibly met in the future in areas where the 

SDM predicts persistence of S. tortuosus. 

 Shifts in peak flowering date may also affect interactions between S. tortuosus and its 

pollinators, herbivores, or competitors. These changes may have negative, neutral, or even 

positive impacts on the demography of S. tortuosus, depending on how the interacting 

species respond to climate change (Hegland et al., 2009; Forrest and Miller-Rushing, 2010; 

Miller-Rushing et al., 2010; Inouye, 2019). Divergent phenological responses to climate 

change between S. tortuosus and its pollinators may have negative effects on pollination and 

seed set (Kudo and Ida, 2013; Kudo and Cooper, 2019). On the other hand, if florivores that 

feed on S. tortuosus (such as the pearly marble butterfly [Euchloe hyantis, Pieridae] or flea 

beetles [Phyllotreta, Chrysomelidae]; Karban and Courtney, 1987) do not shift their 

emergence time in response to climate change in the same direction or magnitude as S. 

tortuosus, then populations of S. tortuous may be able to escape the negative effects of floral 

herbivory (Kawagoe and Kudoh, 2010). 

 

Limitations of the phenological forecasts – It is important to note that the predictions 

presented here are constructed on broad spatial scales (i.e., 4km x 4km grids); however, 
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microclimate variation within grid cells may also affect how species respond to climate 

change (Kudo and Hirao, 2006; Lembrechts et al., 2019). In addition, our predictions are 

based on how S. tortuosus responds phenologically to annual variation in climate rather than 

to seasonal variation in climate (e.g, sensitivity to winter or spring temperatures, 

specifically). Some studies have found that increases in winter temperature result in a delay 

in flowering time because warmer winter temperatures reduce the number of chilling hours 

(Cook et al., 2012; Mulder et al., 2017; Menzel et al., 2020). However, in a previous study, 

we did not find any evidence that the direction of phenological response to winter and spring 

temperatures differ (Chapter 2 of this dissertation; Love and Mazer, in prep). In other words, 

we found that warmer temperatures in both winter and spring advance flowering date, and 

thus, we have no reason to predict that a decrease in chilling hours during winter may delay 

peak flowering of S. tortuosus. In addition, because our PCM was constructed using 100 

years of observations sampled throughout the range of the species, our model provides a 

robust representation of how the species has responded to interannual variation in climate 

during the past 100 years (Kawagoe and Kudoh, 2010; Huang and Hao, 2018), and may 

therefore be expected to respond similarly over the next 40-100 years. 

Finally, when applying our regional PCMs to future climate scenarios, we assumed 

that the estimated phenological sensitivity to climate of individuals in cool vs. warm regions 

remains constant. However, as the climate warms, the temperature sensitivity of plants that 

currently occupy cool locations could change (due to evolution or plasticity) towards values 

of sensitivity that are currently observed in warm locations. It remains an open question as 

to whether regional or population mean phenologically sensitivity might be altered by 

climate change, but if sensitivity to climate increases, it may allow populations to better 
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track changes in climate and potentially mitigate some negative effects of climate change 

forecasted in this study (Cleland et al., 2012). 

 

Conclusion 

Climate change threatens biodiversity, species interactions, and ecosystem function, 

especially in biodiversity hotspots such as the California Floristic Province, and a critical 

first step in forecasting these effects is understanding how climate change will alter the 

spatial and temporal distribution of climate that is suitable for growth and reproduction 

(Myers et al., 2000; Loarie et al., 2008; Ackerly et al., 2020). Here, we combined a species 

distribution model (SDM) and a phenoclimatic model (PCM) to forecast the impacts of 

climate change on both the spatial distribution and the life history of Streptanthus tortuosus, 

a species that is broadly distributed in montane regions of the CFP. When applied to future 

climate change scenarios, our SDM indicates the areas where annual climate will be suitable 

for reproduction and where populations may be able to persist; however, our PCM predicts 

that peak flowering time will occur 9-48 days earlier, the consequences of which are 

difficult to predict. Our study demonstrates that herbarium specimens and other natural 

history collections can provide both occurrence and phenological data that can be used to 

construct these types of models, which, when combined can help elucidate the spatial and 

phenological shifts that may be required for species to persist in the future. With increasing 

digital availability of these records, we have the capacity to assess the impact of climate 

change on species interactions across unprecedented taxonomic and spatial scales (Johnson 

et al., 2011; Lister, 2011; Soltis, 2017; Willis et al., 2017; Meineke et al., 2018; Soltis et al., 

2018). 
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Tables, Figures, and Supplemental Figures 

Table 1. Predicted changes in the seven climate variables included in the species 

distribution model under the two socioeconomic pathway (SSP) emission scenarios in the 

near future (2021-2040) and distant future (2081-2100). Values represent the mean 

difference ± one standard deviation in a given variable when compared to contemporary 

climate conditions (1970-2000) within the current range of S. tortuosus shown in Figure 2b. 

Temperature seasonality is calculated as the standard deviation of mean monthly 

temperatures x 100. Precipitation seasonality is calculated as the coefficient of variation of 

mean monthly precipitation. 

  

Socio-
economic 
pathway 

Bio01 - 
Mean 

Annual 
Temp. (°C) 

Bio02 - Mean 
Monthly 
Diurnal 

Range (°C) 

Bio04 - 
Temp. 

Seasonality 
(°C) 

Bio05 - 
Maximum 
temp. of 
warmest 

quarter (°C) 

Near Future: 
2021-2040 

SSP 2-4.5 1.75±0.16 0.26±0.059 26.36±3.40 2.20±0.17 
SSP 5-8.5 1.83±0.15 0.21±0.041 28.53±3.65 2.24±0.15 

Distant Future: 
2081-2100 

SSP 2-4.5 3.52±0.28 0.37±0.09 34.19±4.96 3.95±0.21 
SSP 5-8.5 6.00±0.46 0.48±0.12 83.36±6.98 6.70±0.38 

      

  

Socio-
economic 
pathway 

Bio12 - 
Mean 

Annual 
Precipitatio

n (mm) 

Bio15 - 
Precipitation 
Seasonality 

(CV) 

Bio18 - 
Precipitation 
of Warmest 

Quarter 
(mm)  

Near Future: 
2021-2040 

SSP 2-4.5 -8.33±3.58 3.38±0.30 -3.80±2.22  
SSP 5-8.5 -11.39±4.80 2.16±0.51 -2.32±2.26  

Distant Future: 
2081-2100 

SSP 2-4.5 -18.78±13.24 4.56±0.64 -2.65±2.48  
SSP 5-8.5 -22.79±16.78 7.38±1.18 -1.04±3.20  
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Table 2. The importance of each variable used to construct the species distribution model 

for S. tortuosus. The percent contribution indicates the relative importance of each variable 

in predicting areas of high habitat suitability. Temperature seasonality is calculated as the 

standard deviation of mean monthly temperatures x 100. Precipitation seasonality is 

calculated as the coefficient of variation of mean monthly precipitation. 

Variable Name 
Bioclim 

Abbreviation 
Percent 

Contribution 
Mean cumulative annual precipitation (mm) bio12 39.7 

Precipitation of the warmest quarter (mm) bio18 13.8 

Solar radiation (kJ/day/m2) srad_ann 13 

Mean annual temperature (°C) bio01 11.7 

Temperature seasonality (°C) bio04 8.9 

Precipitation seasonality (CV) bio15 8 

Maximum temperature of the warmest month (°C) bio05 3.5 

Mean monthly diurnal range in temperature (°C) bio02 1.3 
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Table 3. Predicted change in range size, area of range expansion or loss, area of species’ 

persistence, and net change in range size (%) of S. tortuosus under four combinations of 

climate change scenarios and time periods relative to contemporary climate conditions. 

Areas are calculated from the binary presence/absence range maps under each future 

scenario (see Figure 3). 

 

Socio-
economic 
Pathway  

Range 
Size 

(km2) 

Range 
Expansio
n (km2) 

Range 
Loss 
(km2) 

No change/ 
area of 

persistence 
(km2) 

% 
Change 

in Range 
Size 

Contemporary - 81,280.46 - - -  

Near future: 
2021-2040 

SSP 2 - 
4.5 66,592.02 1288.03 15,967.26 65,312.14 -18.07% 

SSP 5 - 
8.5 66,711.59 626.12 15,225.09 66,067.43 -17.92% 

Distant future: 
2081-2100 

SSP 2 - 
4.5 44,482.61 223.17 37,019.83 44,278.30 -45.27% 

SSP 5 - 
8.5 3288.65 0 78,052.51 3288.65 -95.95% 

 

Table 4. The mean elevation and mean latitude (±1 SD) occupied by S. tortuosus under 

contemporary climate conditions and in each of the two future climate change scenarios at 

two time periods. 

  
Socioeconomic 

pathway 
Elevation 

(m) 
Range Center 
(Latitude, °N) 

Contemporary - 1512±792 39.28±1.55 

Near future: 
2021-2040 

SSP 2 - 4.5 1609±760 39.40±1.53 
SSP 5 - 8.5 1586±774 39.33±1.52 

Distant future: 
2081-2100 

SSP 2 - 4.5 1708±756 39.42±1.51 
SSP 5 - 8.5 1563±339 41.11±0.43 
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Table 5. Summary of the phenoclimatic linear models designed to detect the effect of long-

term mean climate and climate anomalies at the site of specimen collection on flowering 

date (DOY) of S. tortuosus in (a) cool (n=369 specimens) and (b) warm (n=369 specimens) 

regions of the species range. The p-value is bolded for those effects significant at α=0.95. 

The predictive power of the regional phenoclimatic models was evaluated using k-fold 

cross-validation with 5 folds. The mean R2±SD of the five folds is reported below each 

table. 

 

a. cool region      
Independent 

Variable Estimate SE 
t 

ratio p-value 
Intercept 176.57 4.88 36.19 <0.001 
Phenological Index 17.35 1.38 12.56 <0.001 
Long-term mean MAT -4.22 0.47 -9.06 <0.001 

Long-term mean MAP 0.0058 
0.00
30 1.93 0.0544 

MAT Anomaly -6.32 1.27 -4.99 <0.001 

MAP Anomaly 0.0088 
0.00
25 3.58 <0.001 

 Cross-validated R2: 0.47±0.097 
 

b. warm region      
Independent 

Variable Estimate SE t ratio p-value 
Intercept 209.44 7.43 28.18 <0.001 
Phenological Index 16.16 1.36 11.92 <0.001 
Long-term mean MAT -7.88 0.44 -17.93 <0.001 

Long-term mean MAP 0.0090 
0.002

3 3.93 <0.001 
MAT Anomaly -8.61 1.40 -6.14 <0.001 

MAP Anomaly 0.0087 
0.002

5 -0.35 0.723 
 Cross-validated R2: 0.66±0.031 
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Table 6. Predicted changes in mean DOY (± 1SD) of peak flowering between contemporary 

conditions and each of the four combinations of climate change scenario and time period. 

  

Predicted Change in DOY 
(days) 

 

 

Socio-economic 
Pathway  

Cool       

Regions 

Warm    

Regions 

Near future: 
2021-2040 

SSP 2 - 4.5 -9.47±0.67 -15.13±1.36 

SSP 5 - 8.5 -9.88±0.63 -15.85±1.27 

Distant future: 
2081-2100 

SSP 2 - 4.5 -18.89±1.37 -30.52±2.15 

SSP 5 - 8.5 -28.04±0.88 -47.77±0.72 
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Figure 1. Variable response curves for each of the eight environmental variables included in 

the species distribution model (SDM). Variable response curves show the predicted 

suitability of S. tortuosus at a given value of an environmental variable independent of the 

other variables in the SDM. 

  



 

 

 

178 

 
Figure 2. Maps showing (a) geographic variation in habitat suitability for S. tortuosus and 

(b) areas in which S. tortuosus is predicted to be present or absent under contemporary 

climate conditions (1970-2000) in the California Floristic Province. White points in (a) 

denote the location of occurrence records used to construct the species distribution model 

(n=549). The gray line shows the California state boundary for reference. 
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Figure 3. Maps showing the change in habitat suitability of S. tortuosus in the California 

Floristic Province between contemporary climatic conditions and the two emission scenarios 

(SSP 2-4.5 and SSP 5-8.5) at two time periods (near future and distant future). 
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Figure 4. Maps showing regions where the range of S. tortuosus will expand, contract, or 

remain stable under each climate change scenario compared to contemporary climate 

conditions (1970-2000).  
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Figure 5. The predicted day of year of onset (DOY) of peak flowering date in both cool and 

warm regions of the S. tortuosus’ range under contemporary climatic conditions (a). Panel 

(b) shows the distribution of the predicted peak flowering DOYs in each region. 
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Figure 6. Maps showing the predicted change in the DOY of peak flowering under each of 

the four combinations of future climate change scenario and time period when compared to 

the peak flowering DOY under contemporary conditions (see Figure 5).  
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Figure 7. Distribution of the predicted change in DOY of peak flowering between 

contemporary conditions and each of the four combinations of climate change scenario and 

time period for cool (shown in blue) and warm (shown in red) regions. 
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Figure S1. The distribution of cool and warm regions within the contemporary range of S. 

tortuosus. Cool regions represent areas where MAT < 7.97°C and warm regions represent 

areas where MAT ≥ 7.97°C. 
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Figure S2. Distribution of the mean annual temperature (MAT; °C) within the range of S. 
tortuosus under all four climate change scenarios compared to contemporary conditions 

(1970-2000). 
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Figure S3. Distribution of mean monthly diurnal temperature range (Tmax – Tmin; °C) within 

the range of S. tortuosus under all four climate change scenarios compared to contemporary 

conditions (1970-2000). 
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Figure S4. Distribution of the temperature seasonality (standard deviation x 100) within the 

range of S. tortuosus under all four climate change scenarios compared to contemporary 

conditions (1970-2000). 
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Figure S5. Distribution of the maximum temperature of the warmest quarter (°C) within the 

range of S. tortuosus under all four climate change scenarios compared to contemporary 

conditions (1970-2000). 
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Figure S6. Distribution of mean annual cumulative precipitation (MAP; mm) within the 

range of S. tortuosus under all four climate change scenarios compared to the contemporary 

conditions (1970-2000). 
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Figure S7. Distribution of precipitation seasonality (coefficient of variation) within the 

range of S. tortuosus under all four climate change scenarios compared to the contemporary 

conditions (1970-2000). 
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Figure S8. Distribution of the precipitation of the warmest quarter (mm) within the range of 

S. tortuosus under all four climate change scenarios compared to contemporary conditions 

(1970-2000). 
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Figure S9. Maps showing the change in mean annual temperature (MAT anomalies) 

between contemporary conditions and each of the four climate change scenarios in the 

California Floristic Province. Note that each time period has a different range of values 

represented (see legends).   
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Chapter 4: The effects of abiotic conditions on seed mass in Streptanthus 

(Brassicaceae): roles of climate interactions and serpentine affinity 

By Natalie L.R. Love and Susan J. Mazer 

 

Abstract 

 

Variation among populations in mean individual seed mass may be explained by various 

factors, including local climatic conditions. Geographic variation in climate may be 

partitioned into long-term and inter-annual sources of variation, which may differ in their 

effects on population mean seed mass. In addition, the local edaphic environment may affect 

the evolution or plastic response of seed mass. To assess environmental correlates of seed 

mass among six species of Streptanthus (Brassicaceae), we sampled seeds in a total of 88 

field populations distributed across a broad climatic gradient in California; each population 

was sampled once between 1984-2018.  We examined the effects of temperature-mediated 

growing season length and precipitation on population mean seed mass to determine 

whether it is best explained by: (1) long-term mean climatic conditions; (2) inter-annual 

climate anomalies during the year of seed development, or (3) interactions between climate 

variables. We also tested whether serpentine soil affinity explains variation in population 

mean seed mass. Both long-term climate and climate anomalies in the year of collection 

affected population mean seed mass, but their effects differed in direction and magnitude. 

Relatively large seeds were produced at chronically wet sites but also during drier-than-

average years. This contrast indicates that these associations may be generated by different 
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mechanisms (i.e., adaptive evolution vs. phenotypic plasticity). In addition, populations 

occurring in locations characterized by relatively long growing seasons produced 

comparatively large seeds, particularly among chronically dry sites. Independent of climate, 

populations occurring on and off serpentine soils showed difference in mean seed mass. This 

study highlights the need to consider that seed mass responses to long-term vs. recent 

variation in climate may differ and that climate variables may interact to predict seed mass, 

especially when using these patterns to forecast the consequences of climate change on 

mean seed mass.  

 

Introduction 

The quality of individual seeds affects all subsequent life history stages, so 

phenotypic variation in seed-related traits, such as seed mass, can affect demography as well 

as community dynamics (Leishman et al., 2000; Walck et al., 2011; Fricke et al., 2019). 

Various environmental factors, including local climatic conditions (Murray et al., 2004; 

Konarzewski et al., 2012), edaphic conditions (Simpson et al., 2017), the intensity of 

competition (Moles et al., 2007; Larios et al., 2014), and the presence of seed predators 

(Alexander et al., 2001; Gómez, 2004), may influence a population’s optimum seed mass, 

contributing to the evolution of variation in seed mass among populations and species. To 

date, research concerning the adaptive significance of seed mass has focused primarily on 

how long-term mean, local climate conditions can influence a population’s optimum seed 

size (Murray et al., 2004; Lázaro and Traveset, 2009; Konarzewski et al., 2012; Wang et al., 

2019). However, the mean seed mass of a taxon may respond differently to long-term 

climatic conditions, which may vary across a species’ range, than to inter-annual variation in 
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climate, which is experienced by most populations. Few studies have investigated whether 

these responses differ in direction or magnitude (Ramírez-Valiente et al., 2009; Soper 

Gorden et al., 2016; Mazer et al., 2020), yet distinguishing between these two sources of 

variation in mean seed mass is necessary to determine whether and how populations or 

species will respond to future climate change (Jump and Peñuelas, 2005; Parmesan, 2006; 

Hamann et al., 2018). 

Several studies have demonstrated associations between seed mass and both long-

term mean precipitation and temperature or temperature-mediated metrics (e.g., growing-

degree days), suggesting that chronic conditions may generate environmentally induced or 

genetically based variation in population mean seed mass within or among species (Crouch 

and Kloet, 1980; Murray et al., 2004; De Frenne et al., 2010; Konarzewski et al., 2012; 

Mazer et al., 2020). Among populations and species, seed mass has been associated with 

long-term mean precipitation (i.e., chronically wet vs. arid locations); however, the direction 

of the relationship differs among studies. The production of large seeds has been associated 

with arid locations (Baker, 1972; Murray et al., 2004; Azcárate et al., 2010; Konarzewski et 

al., 2012) as well as with more mesic sites (Moles et al., 2007; Qiu et al., 2010; Harel et al., 

2011; Liu et al., 2013), depending on taxon. Apart from precipitation, the length of the 

growing season (often measured as cumulative growing-degree days, or GDD) — during 

which seeds are developing and maturing — may also impose selection on seed mass 

(Crouch and Kloet, 1980; Galen and Stanton, 1993; Li et al., 1998; De Frenne et al., 2010). 

For example, selection may favor smaller seeds in climates with short growing seasons in 

order to ensure that seeds can complete development before environmental conditions 

deteriorate (Baker, 1972; Daws et al., 2004; De Frenne et al., 2010). These studies have 
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helped to detect the environmental conditions that may drive seed mass evolution; however, 

none were designed to determine whether the effects on mean seed mass of long- vs. short-

term variation in climate differ in magnitude or direction (but see Mazer et al., 2020). 

 

Responses of seed mass to long-vs. short-term variation in climate  

The direction and magnitude of the response of mean seed mass to long-term 

climatic conditions vs. inter-annual variation in climate may not be concordant (Mazer et al., 

2020). For example, populations in chronically hot and dry environments may produce 

relatively large seeds, supporting the hypothesis that large seeds represent an adaptation in 

arid environments. However, during a hotter- or drier-than-average year, these same 

populations may produce relatively small seeds, representing a plastic response to limited 

water resources under unusually harsh growing conditions (Mazer et al., 2020). Few studies 

have investigated whether traits respond differently to long-term climatic conditions vs. 

inter-annual climatic variation (Ramírez-Valiente et al., 2009; Anderson et al., 2012; 

Bontrager and Angert, 2016; Soper Gorden et al., 2016; Mazer et al., 2020), yet the 

association between long- vs. short-term variation in climate and seed mass may be 

generated by different mechanisms (i.e., local adaptation vs. phenotypic plasticity; 

Bontrager and Angert, 2016; Soper Gorden et al., 2016; Mazer et al., 2020). 

Intrageneric or intraspecific variation in seed mass among wild populations may 

reflect the outcome of adaptive evolution in response to long-term climatic conditions that 

vary across a taxon’s geographic range (Murray et al., 2004; Konarzewski et al., 2012), 

plastic responses to short-term or inter-annual variation in climate  (Lázaro and Traveset, 

2009; Pichancourt and van Klinken, 2012), or both (Zhou et al., 2013; Soper Gorden et al., 
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2016; Mazer et al., 2020). Several recent studies have constructed models to assess the effect 

of long-term mean climate vs. inter-annual variation in climate on various reproductive traits 

(Ramírez-Valiente et al., 2009; Bontrager and Angert, 2016; Soper Gorden et al., 2016; 

Mazer et al., 2020). Among these studies, strong associations between population mean seed 

mass and long-term mean climate were interpreted as evidence of evolutionary adaptation, 

while strong associations with inter-annual variation in climate, either as climate anomalies 

or climate during the year of trait measurement, were interpreted as evidence of phenotypic 

plasticity in response to short-term variation in climate (rapid short-term evolution may also 

play a role in the latter). Detecting the relationships between seed mass and both long- and 

short-term variation in climate among conspecific or congeneric populations is a critical first 

step towards predicting whether populations or species can respond to climate change via 

evolutionary adaptation, phenotypic plasticity, or both (Davis et al., 2005; Jump and 

Peñuelas, 2005; Dawson et al., 2011; Heilmeier, 2019). 

Given that climate change is likely to affect many biologically important 

environmental variables including both growing season length (through increases in 

temperature) and precipitation, we need to gain a more complete understanding of how these 

climatic parameters – individually and in combination – affect mean seed mass (Cayan et 

al., 2008; Polade et al., 2017; Crimmins and Crimmins, 2019). Few studies have assessed 

the importance of interactions between climatic parameters on seed mass (Larios et al., 

2014; Soper Gorden et al., 2016), and. in spite of the well-documented independent effects 

of both precipitation and growing season length on mean seed mass (Crouch and Kloet, 

1980; Murray et al., 2004; De Frenne et al., 2010; Konarzewski et al., 2012), to our 

knowledge no studies have investigated how these variables interact to affect population 
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mean seed mass. Understanding such interactions will improve our ability to predict how 

seed mass may respond to climate change. 

 

Responses of seed mass to soil quality 

Independent of climate, the edaphic environment can also contribute to variation in 

seed mass within and among species (Stock et al., 1990; Azcárate et al., 2010; Völler et al., 

2012; Simpson et al., 2017). In particular, soil fertility has been shown to affect the 

evolution of seed mass (Milberg and Lamont, 1997; Tautenhahn et al., 2008). This could 

represent a direct effect of soil quality on the evolution of seed mass due to the interaction 

between seedlings and their abiotic environment (Jurado and Westoby, 1992; Milberg and 

Lamont, 1997), or an indirect effect mediated by the impact of soil fertility on the 

competitive environment (Tautenhahn et al., 2008). Given that serpentine is characterized as 

a chemically harsh, low fertility soil type (Brady et al., 2005; Alexander et al., 2007), we 

may expect selection to favor large seeds in populations occurring on serpentine soil. This 

pattern would be consistent with the hypothesis that natural selection directly favors large 

seeds in stressful environments (the stress-tolerance hypothesis; Boulli et al., 2001; Murray 

et al., 2004; Konarzewski et al., 2012; Volis and Bohrer, 2013). However, serpentine soils 

also support low population densities in which intra- and inter-specific competitive 

interactions may be weak. Under these conditions, seedlings may not benefit from high 

maternal provisioning and we may expect selection to favor small-seeded genotypes with 

high fertility (Gram et al., 2004; Going et al., 2009; Anacker et al., 2011; Rossington et al., 

2018). Despite a long history of research on serpentine-tolerant plant species and 

populations (Whittaker, 1954; Brady et al., 2005; Alexander et al., 2007; Rajakaruna et al., 
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2014), no studies have directly investigated how serpentine soil may affect the evolution of 

seed mass. A first step toward determining whether serpentine affinity affects seed mass is 

to assess whether mean seed mass differs between populations occupying serpentine vs. 

non-serpentine soil (Harrison et al., 2001). 

 

Study objectives 

Here, we investigated the environmental drivers of seed mass variation among 88 

populations (each sampled once between1984-2018) representing six species of Streptanthus 

(Brassicaceae) distributed across a climatic gradient in California using a similar approach 

as Mazer et al. (2020). Streptanthus is well suited for this type of study for three reasons. 

First, Streptanthus is distributed across a wide climatic gradient in California, from cool, 

coastal regions to the hot, dry foothills and high elevation alpine regions of the Sierra 

Nevada (Baldwin, 2005). Second, there is variation in mean individual seed mass both 

among and within Streptanthus species across their ranges in California (Baldwin et al., 

2012), a necessary condition for detecting a relationship between climatic conditions and 

population mean seed mass. Third, Streptanthus contains species that occur both on and off 

serpentine-derived soil (Safford et al., 2005; Mayer and Beseda, 2010; Cacho et al., 2014), 

facilitating the investigation of the potential influence of serpentine-derived soil on seed 

mass evolution independent of variation in taxon-specific traits. In addition, the physical 

edaphic environment is similar among populations of Streptanthus, which occur near rock 

outcrops in shallow gravelly or sandy soil with low water holding capacities (Cacho and 

Strauss, 2014). This makes it possible to isolate the effects of serpentine soil chemistry from 

the physical edaphic environment on seed mass. By limiting this study to populations within 
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a single genus, it is also possible to control for intrinsic factors known to be associated with 

mean seed mass such as plant growth form (Leishman et al., 1995; Metz et al., 2010) and 

seed dispersal mode (Lord et al., 1995; Moles et al., 2005), as well as for the potentially 

confounding effects of taxonomic membership on seed mass (Hodgson and Mackey, 1986; 

Mazer, 1989; Westoby et al., 1992; Lord et al., 1995).  

To identify the ecological and evolutionary drivers of seed mass in Streptanthus 

across a climatic gradient in California, I addressed the following four questions. 

1. Is geographic variation in population mean seed mass better explained by variation among 

sites in long-term mean climatic conditions or by local climate anomalies in the year of 

collection? Because seed mass generally exhibits relatively low phenotypic plasticity 

(Westoby et al., 1992; Lord et al., 1995; Sadras, 2007; Lázaro and Traveset, 2009), we 

predict that variation in seed mass among populations will be better explained by long-term 

climate means. If so, this pattern would be consistent with the interpretation that variation in 

seed mass among populations represents an adaptive response to long-term mean climatic 

parameters rather than a plastic response to unusual climatic conditions during the year of 

collection.  

2. Do temperature-mediated growing season length (estimated by long-term mean 

accumulated GDD) and long-term mean cumulative precipitation during fall, winter and 

spring independently predict population mean seed mass?  First, we expect to observe a 

positive correlation among populations between mean individual seed mass and 

temperature-mediated growing season length. Support for this prediction would suggest that 

relatively large seeds evolve more easily in environments where a long growing season 

allows maternal plants to provision large seeds (which have sufficient time to complete their 
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development), and that small seeds evolve where short growing seasons require rapid seed 

development and maturation (Crouch and Kloet, 1980; De Frenne et al., 2010). 

There are two plausible but opposing predictions for the relationship between seed 

mass and long-term mean precipitation (independent of growing season length), each of 

which is supported by previous research. First, a negative correlation between seed mass and 

precipitation would suggest that large seeds are favored in arid sites because large seeds 

promote the rapid root development necessary to establish under dry conditions (Murray et 

al., 2004; Ramírez-Valiente et al., 2009; Azcárate et al., 2010; Konarzewski et al., 2012; 

Wang et al., 2019; Mazer et al., 2020). Second, a positive correlation between seed mass and 

precipitation would corroborate the hypothesis that high precipitation during the growing 

season reduces water-limitation, providing the opportunity for plants to acquire the 

resources necessary to produce large seeds, which benefit seedling performance (Lloret et 

al., 1999; Qiu et al., 2010; Larios and Venable, 2018). In this case, under conditions where 

water availability is less limiting, populations may experience selection favoring the 

production of larger seeds. A positive correlation between precipitation and seed mass 

would also be consistent with the hypothesis that large seeds are directly favored in wet sites 

(where net primary productivity, vegetation cover, and shade are often high) because large 

seeds promote seedling establishment in light-limited and highly competitive environments ( 

Leishman and Westoby, 1994; Volis et al., 2002; Moles and Westoby, 2003; Moles et al., 

2007).  

3. Does cumulative precipitation and growing season length interact to affect geographic 

variation in population mean seed mass?  



 

 

 

202 

 The effect of precipitation on population mean seed mass may depend on the value 

of other environmental factors such as temperature, nutrient availability, or intraspecific 

competition (Smaill et al., 2011; Larios et al., 2014; Soper Gorden et al., 2016; Larios and 

Venable, 2018); here, we investigated whether this relationship depends on growing season 

length.  For example, although high levels of precipitation may be predicted to promote the 

development of large seeds by elevating soil moisture and minimizing drought stress, such 

positive effects of precipitation on population mean seed size might not be expressed equally 

in populations experiencing short vs. long growing seasons (based on accumulated GDD).  

4. Among conspecific populations of S. glandulosus and S. tortuosus — the two species 

examined here that are comprised of populations that occur both on and off serpentine-

derived soil — does serpentine soil affect seed mass independent of climatic conditions? 

Many studies have demonstrated that serpentine-derived soils promote adaptive divergence 

in phenology, tolerance to heavy metals, and plant size among populations both within and 

between species (Rajakaruna and Bohm, 1999; Baldwin, 2005; Brady et al., 2005; Wright et 

al., 2006; Alexander et al., 2007).  Given that selection may favor large seeds in harsh 

environments (Pluess et al., 2005), we predict that, among populations of serpentine and 

non-serpentine ecotypes of S. glandulosus and S. tortuosus (48 populations total) and 

independent of latitude, longitude, and elevation, those occurring on serpentine soil will 

produce relatively large seeds. 

 

Methods 

Study system – Streptanthus (Brassicaceae) is a genus of annual, biennial, and short-lived 

perennial forbs that occur in the western United States (GBIF.org, 2019). The six species 
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sampled for this study occur in the California Floristic Province (Figure 1, Appendix 1). 

Streptanthus occupies shallow gravely or rocky soils with sparse vegetation, and many 

species in the genus are considered serpentine endemics (Safford et al., 2005; Cacho and 

Strauss, 2014). In the current study, four taxa are restricted to serpentine substrates (S. 

barbiger, S.breweri, S. hesperidis, and S. polygaloides) while two are comprised of both 

serpentine and non-serpentine populations (S. glandulosus and S. tortuosus). Non-serpentine 

populations typically occur in soil derived from non-mafic parent materials (e.g., granite, 

schist, shale). In California, Streptanthus populations begin to germinate in fall and winter, 

develop flower buds in late winter and early spring, and flower in spring or summer 

(Baldwin et al., 2012; Gremer et al., 2020). Seeds generally develop during spring and 

summer, depending on local growing conditions (Preston, 1991). 

 

Seed collection and seed mass determination – Between 1984 and 2018, seeds were 

collected from a total of 88 populations of six species (2-40 populations/species) in the 

genus Streptanthus, with the aim of sampling each taxon across much of its geographic 

range. Soil type was recorded as serpentine or non-serpentine at each population site using 

visual inspection and geological maps. From 97 of these populations, seeds from 6 - 66 

maternal families per population (x̄=24.2±11.5 families, Appendix 1) were collected and 

stored in small, paper coin envelopes. The mean population seed mass for the remaining 

four populations was estimated from bulk collections (i.e., seeds from many individuals per 

population were collected and pooled). Envelopes containing seeds were placed inside 

sealed plastic containers and dehydrated using silica gel for at least one month before 

weighing.  
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To estimate the mean individual seed mass (MISM) per population, 35 seeds from 

each maternal family or bulk collection were weighed to the nearest 0.0001g using a Cahn 

TA 4200 scale. The 35-seed weight was then divided by 35 to obtain a MISM for that 

maternal family or population (in the case of bulk collections). For populations represented 

by multiple maternal families, MISM was averaged among maternal families to obtain each 

population’s MISM.  

 

Climate Data –To characterize the climate during Streptanthus’ growing season at each 

population’s site, I used its GPS coordinates to extract the cumulative growing degree-days 

above 5°C (GDD) and the cumulative precipitation (PPT) during winter, spring, and summer 

(WSS) from ClimateNA, a freely available climate database that provides locally 

downscaled historical climate values for a number of biologically relevant climate variables 

at any georeferenced location in North America (Hamann et al., 2013; Wang et al., 2016). 

For each site, the long-term mean climate parameters (30-year means, 1961-1990) and the 

climate parameters during the year of seed development and collection were extracted; these 

values were then used to calculate the climate anomaly (the deviation from long-term 

means) for each parameter at each site. To calculate the climate anomaly for each site and 

parameter (GDD and PPT), I subtracted the long-term mean value of the parameter from the 

value for the site during the year of seed development.  

 

Statistical analysis – To determine whether climate during the winter, spring, and summer 

(WSS) growing season predicts seed mass among the sampled populations, I constructed 

two multiple linear regression models designed to detect the effect of WSS cumulative 
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growing degree-days >5°C (GDD) and precipitation (PPT) on population MISM (Appendix 

2). Both models include species as main effects, but differ in the combination of climatic 

variables included. The first model (Climate Model 1) includes the effects of long-term 

mean WSS GDD and WSS PPT as well as their two-way interaction.  

Climate Model 1: Population MISM = b0 + b1Species + b2WSS GDDlong-term + b3WSS 

PPTlong-term + b4WSS GDDlong-term|WSS PPTlong-term  + ε 

The second model (Climate Model 2) is designed to detect the effects of local climate 

anomalies during the year of seed collection on population MISM independent of the long-

term mean climate parameters. Model 2 includes the long-term climatic terms and the two-

way interaction between them, as well as the WSS GDD and WSS PPT anomalies and the 

two-way interaction between them.  

Climate Model 2: Population MISM = b0 + b1Species + b2WSS GDDlong-term + b3WSS 

PPTlong-term + b4WSS GDDlong-term|WSS PPTlong-term + b5WSS GDDanomaly + b6WSS 

PPTanomaly +  

b7WSS GDDanomaly |WSS PPTanomaly  + ε 

   

The output of these two models were then ranked by AIC, which balances model 

complexity with performance, to determine which model best explains variation in seed 

mass among populations (Appendix 2; Burnham et al., 2011). Both models were constructed 

using OLS regression and type III sum of squares with the car package and the lm() function 

in R (Fox and Weisberg, 2019). All input variables were mean centered using the function 

meanCenter in the package rockchalk (Johnson, 2019). To aid with the interpretation of 

significant interactions, a Johnson-Neyman interval analysis was performed using the 
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package interactions (Bauer and Curran, 2005; Long, 2019). The Johnson-Neyman interval 

analysis indicates the range of values of the moderator (e.g, WSS GDD) in which the slope 

of the predictor (e.g., WSS PPT) is significantly different from 0 at α = 0.95. To test for 

collinearity among predictor variables, variance inflation factor (VIF) values and Pearson’s 

correlation coefficients were calculated among all variables in Climate Models 1 and 2.  

In order to assess the effect of soil affinity on population MISM independent of 

climate and geography among serpentine and non-serpentine populations of S. glandulosus 

and S. tortuosus (i.e., species not considered to be serpentine endemics, n = 48 populations), 

I first constructed a principal component analysis (PCA) to reduce the dimensionality among 

the climatic and geographic variables. The PCA included long-term mean WSS GDD, long-

term mean WSS PPT, WSS GDD anomalies, WSS PPT anomalies, elevation, latitude, and 

longitude. Using the first two principal components (PC1 and PC2), a multiple linear 

regression model was then constructed to detect the effect of population soil type (serpentine 

vs. non-serpentine) on population MISM independent of species identity, climate, and 

geography. This model (Serpentine Model) included species identity, soil type (serpentine 

vs. non-serpentine), PC1 and PC2 as main effects. 

Serpentine Model: Population MISM = b0 + b1Species + b2Soil type +  

b3PC1 + b4PC2  + ε 

The principal component analyses were performed using the function prcomp() in R 

and the multiple linear regression model was constructed using OLS regression and type III 

sum of squares with the lm() function and car package in R (Fox and Weisberg, 2019). All 

analyses were performed in R version 3.6.1 (R Core Team, 2019). 

 



 

 

 

207 

Results 

Correlations among climate variables – Pearson’s correlation coefficient (r) among site-

specific climate variables range from |0.02| to |0.53|. The strongest correlation was between 

long-term mean WSS GDD and WSS PPT (-0.53, p <0.001, n=88, Figure 2); sites that have 

relatively long growing seasons are also relatively dry.  By contrast, the weakest correlation 

was between long-term mean WSS PPT and the WSS PPT anomalies during the year of seed 

development (-0.02, p = 0.87, Figure 2); sites that experienced wetter-than-average years 

when the seeds were collected were no more likely to be chronically relatively wet or 

chronically relatively dry. The VIF values among parameters in Models 1 and 2 were less 

than 3. The values of both r and VIF indicate low levels of collinearity among main effects 

(Zuur et al., 2010). 

 

Responses of seed mass to climate – Both climate models produced similar results 

(Appendix 2); however, Climate Model 2, which included all predictors, produced the 

lowest AIC and the highest adjusted R2 value (Climate Model 2, AIC = -44.64, adjusted R2 = 

0.62; Climate Model 1, AIC =-141.38, adjusted R2 = 0.59; Table 1b, Appendix 2) and is 

presented here. Population MISM was strongly associated with local long-term mean WSS 

GDD and WSS PPT, as well as with the WSS precipitation anomaly in the year of seed 

development (Table 1, Appendix 2). The directions of these effects are described below.  

Given that WSS GDD and WSS PPT significantly interact to predict seed mass, we chose to 

focus on describing the interactive effect of these two variables rather than their independent 

effects because these main effects are not constant across the entire range of the other 

interacting covariate (Engqvist, 2005). 
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Effect of precipitation anomalies on seed mass – Climate Model 2 detected a significant 

negative effect of cumulative WSS precipitation anomalies during the year of seed 

development on MISM; populations collected during wetter-than-average years (relative to 

the long-term mean at a given site) produced smaller seeds than those collected during 

wetter-than-average years (Figure 3, Table 1). Estimates from Climate Model 2 indicate that, 

among populations, seed mass declined by 0.0106 ± 0.0037 mg for every 100 mm increase 

in precipitation during the year of seed development relative to the long-term mean 

precipitation at a given site (F1,76=8.33, p=0.0051, Figure 3, Table 1) 

 

Interaction between long-term mean growing season length (GDD) and precipitation on 

seed mass – Climate Model 2 detected a significant negative interaction between long-term 

mean cumulative WSS GDD and cumulative WSS PPT (Table 1; Appendix 2; GDD x PPT 

interaction effect: F1,76=4.37, P=0.0399). While both parameters generally had positive 

effects on MISM, the strength of this effect for each predictor depended strongly on the 

values of the other predictor (Figure 4, Figure 5). For example, the positive effect of WSS 

GDD on population MISM was stronger among dry sites than among relatively mesic sites 

(Figure 5a). Similarly, the positive effect of PPT was stronger among sites characterized by 

short growing seasons (those with low values of GDD) than among sites with relatively long 

growing seasons (Figure 4, Figure 5b).   

The Johnson-Neyman interval analysis indicated that growing season length 

(estimated as WSS GDD) had a significant and positive effect on MISM among relatively 

dry sites where long-term mean WSS PPT < 803 mm (Figure 5a). Among sites that receive 
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> 803 mm of precipitation (i.e., relatively wet sites), however, WSS GDD had no effect on 

MISM. Forty of the 88 sampled populations receive an average of less than 803 mm of WSS 

PPT during typical year (x̄=786±247 mm; Figure 4; Appendix 1). 

The effect of long-term precipitation on MISM depended on the long-term growing 

season length at a given population’s site. Long-term mean WSS PPT had a significant and 

positive effect on MISM at sites with relatively short growing seasons (those for which WSS 

GDD < 2221), but had no significant effect among sites characterized by longer growing 

seasons (Fig 4., Figure 5b). Thirty-eight of the 88 sampled populations occur at sites with 

growing seasons longer than 2221 cumulative GDD (x̄=2101±754; Figure 5b; Appendix 1). 

 

Effect of serpentine-derived soil on seed mass – We detected no significant difference in 

MISM between those populations of S. tortuosus and S. glandulosus restricted to serpentine 

soils relative to those on non-serpentine soils. Of the 88 populations of Streptanthus 

included in this study, 48 represent two serpentine-tolerant species (S. glandulosus and S. 

tortuosus) that occur both on and off serpentine-derived soils (on serpentine: S. glandulosus: 

n=5, S. tortuosus n=4; off serpentine: S. glandulosus: n=3, S. tortuosus: n=36; Figure 1; 

Appendix 1). The first two principal components (PC1 and PC2) of the PCA constructed to 

reduce the dimensionality among the climatic and geographic variables accounted for 39.6% 

and 28.7%, respectively, of the variance among populations (Appendix 3a) and were 

included as main effects in the Serpentine Model. The Serpentine Model showed that, 

independent of climate, geography, and species identity, populations sampled from 

serpentine soils produced seeds that were no different in mass than those produced by 

populations sampled from non-serpentine soils (F1,43=0.65, p = 0.42; MISM of serpentine 
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populations: 0.56±0.04 mg; MISM of non-serpentine populations: 0.51±0.03 mg; Figure 6, 

Appendix 3).   

 

Discussion 

Among the Streptanthus populations examined here, we found evidence of adaptive 

evolution of population mean seed mass, but mean individual seed mass (MISM) also 

appears to respond plastically to conditions at the site and during the year of collection. 

Independent of species identity, seed mass variation among populations is positively 

correlated with both long-term mean winter, spring, and summer (WSS) temperature-

mediated growing season length (as estimated by cumulative growing-degree days > 5°C or 

GDD) and cumulative WSS precipitation (PPT), corroborating the hypothesis that chronic 

climatic conditions influence the evolution of mean individual seed mass (Table 1).  

Contrary to our prediction, geographic variation in MISM is also explained by the difference 

between a site’s WSS PPT during the year of seed development and its long-term mean 

WSS PPT (i.e., PPT anomalies). In drier-than-average years, populations produce 

significantly larger seeds than in wetter-than-average years (Figure 3).  

In addition to the main effects of local growing season length and precipitation, long-

term mean WSS PPT and WSS GDD interact to predict population MISM, indicating that 

that the relationship between the chronic precipitation regime and seed mass depends on the 

long-term mean length of the growing season at a given site. The positive effect of growing 

season length on population MISM was strongest among chronically dry sites (Figure 5a), 

and the positive effect of increased precipitation was strongest at sites characterized by 

chronically short growing seasons (Figure 4, Figure 5b).  Furthermore, this study is the first 



 

 

 

211 

to test whether serpentine-derived soils affect seed mass independent of climate, geography 

(i.e., latitude, longitude, and elevation), and species identity. These results are discussed 

below. 

 

Geographic variation in seed mass is explained by both long-term climate conditions and 

precipitation anomalies – Long-term mean growing season length and cumulative 

precipitation were reliable predictors of population MISM; however, the effect of one 

variable on MISM depends on the magnitude of the other. Long-term mean WSS growing 

season length had a positive effect on seed mass among populations sampled from relatively 

dry sites (i.e., those receiving < 803 mm of WSS PPT), and long-term mean cumulative 

WSS PPT had a positive effect on seed mass among sites with relatively short growing 

seasons (i.e., those with <2221 GDD; Figure4, Figure 5). Given that adaptation represents a 

long-term evolutionary process that relies on stable environmental conditions, the 

relationship between seed mass and long-term mean climate detected here likely reflects 

adaptive responses to chronic climatic conditions during the growing season (Ramírez-

Valiente et al., 2009; Bontrager and Angert, 2016; Mazer et al., 2020).  

The relationship between seed mass and long-term mean climate detected here is 

consistent with other studies that have demonstrated that variation in seed mass among 

populations is significantly related to long-term mean climatic conditions at a population’s 

location (Murray et al., 2004; Qiu et al., 2010; Konarzewski et al., 2012; Liu et al., 2013; 

Zhou et al., 2013; Soper Gorden et al., 2016; Mazer et al., 2020). For example, Konarzewski 

et al. (2012) used a greenhouse study to detect the drivers of genetically-based variation in 

seed mass among populations of an invasive forb (Echium plantagineum L., Boraginaceae). 



 

 

 

212 

They found that long-term mean (100-year mean) temperature and precipitation at the site of 

seed collection significantly explained variation in seed mass among populations; 

populations collected at chronically warm and dry sites produced relatively large seeds. 

They proposed that this pattern represented the rapid development of a cline in individual 

seed mass across a newly invaded landscape, and that divergent long-term mean climatic 

conditions can drive the evolution of seed mass and generate genetically-based variation 

among populations on relatively short timescales.  

Independent of long-term mean climate, seed mass variation among populations of 

Streptanthus was also explained by WSS PPT anomalies; however, the direction of this 

effect on seed mass differed from the effect of long-term mean precipitation.  Positive values 

for precipitation anomalies during the year of seed development (i.e., wetter-than-average 

years) were associated with relatively low population MISM whereas relatively high values 

for long-term mean precipitation (i.e., chronically mesic sites) were associated relatively 

high population MISM, particularly among sites with short growing seasons. In other words, 

populations produced relatively small seeds during wetter-than-average years but produced 

relatively large seeds at chronically mesic sites, particularly those with short growing 

seasons (Figure 3, Figure 4, Figure 5b). The qualitative differences between the direction of 

the response of mean seed mass to long-term vs. short term, inter-annual variation in climate 

suggests that the underlying biological processes driving these patterns are distinct and are 

operating at different time scales. Responses to short-term climate anomalies likely reflect 

short-term plastic responses to inter-annual variation while responses to long-term mean 

climate likely reflect evolutionary adaptation to long-term mean climatic conditions 
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(Ramírez-Valiente et al., 2009; Bontrager and Angert, 2016; Soper Gorden et al., 2016; 

Mazer et al., 2020).  

Mazer et al. (2020) similarly detected contrasting effects of long-term mean 

precipitation and short-term precipitation anomalies on seed mass among 58 wild 

populations of six Clarkia (Onagraceae) taxa in California. In their study, populations 

produced relatively large seeds in chronically dry environments (estimated from long-term 

mean precipitation), but relatively small seeds during drier-than-average years (as measured 

by precipitation anomalies). This pattern differs qualitatively from the one reported here 

(Figure 3, Figure 4). However, both studies demonstrate that long-term responses to climate 

may differ from short-term responses.  

 

Selection on seed mass during the winter, spring, summer (WSS) growing season – 

Natural selection on seed mass may operate during multiple life stages, contributing to 

intraspecific or intrageneric variation in seed mass. In this study, long-term mean climatic 

conditions during the growing season, when seeds are developing and maturing, interact to 

predict population mean seed mass. These patterns likely reflect adaptive responses to long-

term mean climatic conditions during the growing season and can help us understand the 

selective forces that may act to generate seed mass variation among populations of 

Streptanthus. 

The positive effect of long-term mean precipitation on population MISM depended 

on the long-term mean length of the growing season at a given population’s location, 

revealing two patterns of potential adaptive significance (Figure 4). First, populations 

produced relatively large seeds at sites characterized by long growing seasons regardless of 
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the amount of precipitation received; this pattern is consistent with the hypothesis that 

selection favors large seeds at sites with long growing seasons. A longer growing season 

may facilitate the evolution of larger seeds because maternal plants have a longer period of 

growth during which to provision seeds, and these larger seeds may provide a benefit to 

seedlings by allowing seedlings to rapidly germinate and establish roots (Wulff, 1986; Lloret 

et al., 1999; Seiwa et al., 2002; Benard and Toft, 2007).  

This result is consistent with other studies that have detected a positive relationship 

between seed size and growing season length among populations within species, suggesting 

that the length of the growing season can act as a strong selective force driving the evolution 

of seed mass across environmental gradients (Yeatman, 1966; Crouch and Kloet, 1980; 

Galen and Stanton, 1993; Li et al., 1998; Daws et al., 2004; De Frenne et al., 2010).  For 

example, Li et al. (1998) used a common garden to investigate genetically-based variation in 

seed size among 40 ecotypes of Arabidopsis thaliana (L.) Heynh distributed across a wide 

latitudinal gradient (16°N-63°N). They detected a negative relationship between seed mass 

and latitude such that populations from more southern latitudes produced larger seeds than 

those from more northern latitudes. They suggested that ecotypic differentiation in seed 

mass among populations was generated in part by variation in growing season length across 

the latitudinal gradient. However, unlike in the present study, they did not directly test the 

independent effect of multiple climatic parameters on seed mass, and therefore, were unable 

to assess the independent contributions of varying environmental parameters on seed mass.  

Second, the positive effect of long-term mean precipitation on seed mass was 

strongest among sites with relatively short growing seasons (Figure 4). Among these sites, 

populations produced relatively large seeds at sites receiving relatively high precipitation. 
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This suggests that precipitation may facilitate the production of large seeds, but only among 

sites with short growing seasons. Where ample precipitation is available for maternal 

investment in seeds, selection may favor the production of large seeds because large seeds 

produce robust seedlings with well-developed root systems that can boost seedling survival 

and individual fitness (Lloret et al., 1999; Benard and Toft, 2007; Volis and Bohrer, 2013). 

 

Serpentine-derived soil does not influence seed mass – Serpentine-derived soils are high in 

toxic heavy metals and low in plant essential nutrients, and these features have led to the 

evolution of morphological, physiological, and phenological traits that help plants to tolerate 

and survive these harsh conditions (Brady et al., 2005; Wright et al., 2006; Kazakou et al., 

2008; Anacker et al., 2011; Rajakaruna et al., 2014). This is the first study designed to detect 

differences in seed mass among populations occupying serpentine vs. non-serpentine soil 

while controlling for variation among sites in climate, geography, and elevation. In the 

current study, serpentine-derived soils do not appear to influence seed mass. We found no 

significant difference in seed mass among populations of S. glandulosus and S. tortuosus 

that occurred on and off serpentine-derived soil (p = 0.42; Figure 6, Appendix 3). These 

results suggest that any morphological differences, such as differences in plant size or the 

timing of reproduction that are known to occur between serpentine and non-serpentine 

ecotypes (Brady et al., 2005; Kazakou et al., 2008), are likely not mediated by seed mass 

differences in Streptanthus. 

   

Consequences of climate change on seed mass – Studies of geographic variation that 

explicitly test for the independent effects of long-term climate conditions vs. climate 
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anomalies on reproductive traits can contribute to our limited understanding of both the 

short- and long-term effects of climate change on seed size, and, in turn, on its cascading 

influence on seed germination and early seed development (De Frenne et al., 2010, 2013; 

Etterson et al., 2016; Gremer et al., 2019). Over the next century, it is widely predicted that 

increases in temperature will extend the duration of the temperature-mediated growing 

season, especially in California where growing degree days have increased more rapidly 

during the last 70 years than in other parts of the United States (Hayhoe et al., 2004; Cayan 

et al., 2008; Pierce et al., 2013; Crimmins and Crimmins, 2019).  Predictions for changes in 

precipitation patterns across California remain more ambiguous, but some models have 

forecasted a reduction in water availability during the growing season, which could oppose 

the effects of a warmer climate on the length of the effective growing season (Hayhoe et al., 

2004; Duffy et al., 2006; Pierce et al., 2013).  

The results presented in this study show that the effect of long-term mean WSS 

precipitation on mean individual seed mass depends on the long-term mean WSS growing 

season length at a given site. Assuming that these patterns represent adaptive responses to 

long-term mean climate, we can use them to predict how future climate change might impact 

the direction of seed mass evolution in Streptanthus. However, because these climate 

variables interact to predict seed mass in our model, in order to use these patterns to predict 

the direction of evolution, we must consider how both growing season length and 

precipitation will change in the future. For example, extension of the growing season (i.e., 

due to increases in GDD) may result in the evolution of larger seeds, but because the effect 

of GDD interacts with PPT, this may occur only among relatively dry sites (Figure 5a). 

Conversely, a reduction in precipitation may result in the evolution of smaller seeds, but 
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only among sites with relatively short growing seasons where the evolution of large seeds 

may be limited by precipitation (Figure 4, Figure 5b). Moreover, changes in the evolution of 

seed size could result in correlated changes in both survival and fecundity, which may 

impact population growth rates and population persistence (Smith and Fretwell, 1974; 

Westoby et al., 1992; Jakobsson and Eriksson, 2000; Fricke et al., 2019).  

In addition, variation in seed mass can be explained by precipitation anomalies in the 

year of seed development independent of long-term mean climate, suggesting that seed mass 

among populations of Streptanthus responds plastically to short-term variation in 

precipitation. However, the direction of the effects on seed mass of long- vs. short-term 

precipitation qualitatively differed, suggesting that long- vs. short-term responses of seed 

mass to climate-change induced patterns of precipitation could differ as well. If precipitation 

is altered by climate change, then plastic responses of seed mass to short-term variation in 

precipitation may conflict with the direction of evolution in response chronic changes in 

precipitation regimes. This study highlights the need to consider both long- and short-term 

responses to climate change when predicting the consequences of climate-induced changes 

in seed mass on related traits such as seed dormancy, seed germination, and seedling 

survival. 

 

Conclusion 

California is characterized as a climatically heterogeneous landscape; however, few studies 

have tested whether this heterogeneity acts as a potential driver of variation in seed mass 

across the landscape (McWilliams et al., 1968; Baker, 1972; Schimpf, 1977; Martijena and 

Bullock, 1997; Mazer et al., 2020). The current availability of fine-scale and high-quality 
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climatic data (e.g., PRISM and ClimateNA) now allows us to test whether specific climatic 

parameters, and their interactions, predict trait variation among populations. Moreover, these 

data allow us to assess the effects of both long-term mean vs. short-term climate (i.e., 

anomalies) on trait variation. This type of research can help us to gain a broader 

understanding of how climate drives long-term (e.g., local adaptation) and short-term (e.g., 

phenotypic plasticity) trait variation across landscapes. 

 In this study, population mean seed mass in Streptanthus can be predicted by the 

interaction between the long-term means of two climatic parameters (the length of the 

growing season and precipitation) as well as precipitation anomalies during the year of seed 

development suggesting that seed mass variation among wild populations of Streptanthus 

has been generated by both local adaptation to long-term mean climatic conditions and 

plastic responses to short-term, interannual variation in climate. This is one of the first 

studies to demonstrate that long- vs. short-term variation in climate can have contrasting 

effects on population mean seed mass (Mazer et al., 2020), which has important implications 

for predicting long-term and short-term responses of seed mass to climate change. In 

addition, this is the first study designed to assess whether serpentine-derived soil has an 

effect on population mean seed mass independent of climate; however, we found no effect 

of soil affinity on MISM. These results help us to understand how environmental 

heterogeneity drives divergent selection among populations, and have important 

implications for predicting how climate change will impact the direction of seed mass 

evolution. Future studies should consider how interactions between climatic variables 

influence seed mass when modeling the consequences of climate change on demographic 

processes that may be affected by variation in seed mass. 
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Tables, Figures, and Appendices 

Table 1. Parameter estimates (a) and summary statistics (b) for the multiple linear 

regression (Climate Model 2) designed to detect the effect of species identity, long-term 

mean climate conditions for WSS GDD and PPT, and climate anomalies on population 

mean individual seed mass. P-values significant at α = 0.95 are bolded. The reference for the 

main effect of species is S. tortuosus.  

a.      
Independent Variable Estimate SE t ratio Prob > |t| 

Intercept 0.355 0.01954 18.166 <0.001 
species[barbiger] -0.0312 0.06001 -0.52 0.60468 

species[breweri] -0.011 0.03115 -0.677 0.50023 

species[glandulosus] 0.14 0.03367 4.157 <0.001 
species[hesperidis] -0.122 0.04425 -2.738 0.00796 

species[polygaloides] -0.14 0.02498 -5.612 <0.001 
Long-term mean WSS GDD 4.73 x 10-5 2.32 x 10-5 2.041 0.0447 
Long-term mean WSS PPT 1.29 x 10-4 5.79 x 10-5 2.233 0.0285 
WSS GDD anomaly 1.78 x 10-4 1.51 x 10-4 1.176 0.2434 

WSS PPT anomaly -1.06 x 10-4 3.66 x 10-5 -2.886 0.0051 
Long-term mean WSS GDD x 

Long-term mean WSS PPT 
-1.67 x 10-7 7.96 x 10-8 -2.09 0.0400 

WSS GDD anomaly x Long-term 

mean WSS PPT 
5.67 x 10-7 4.89 x 10-7 1.151 0.5035 

     
b.     

Source of Variance df SS F ratio P value 
Intercept 1 3.22 330.00 <0.001 

Species 5 0.87 17.86 <0.001 

Long-term mean WSS GDD 1 0.041 4.17 0.0447 
Long-term mean WSS PPT 1 0.049 4.99 0.0285 
WSS GDD anomaly 1 0.013 1.38 0.2434 

WSS PPT anomaly 1 0.081 8.33 0.0051 

Long-term mean WSS GDD x 

long-term mean WSS PPT 
1 0.043 4.37 0.0399 

WSS GDD x WSS PPT anomaly 1 0.013 1.32 0.5035 

Residuals 76 0.74   

     
Adjusted R2 0.62    

AIC -144.64    
 



 

 

 

228 

 
Figure 1. Locations of seed collection sites in California. Each point represents a population 

(n=88). See Appendix 1 for detailed information about each collection. 
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Figure 2. Correlation matrix showing the Pearson’s correlation coefficient (r) and bivariate 

relationship among all site-specific climate variables (long-term mean climate and climate 

anomalies during the year of seed development) included in Climate Model 2. The 

distribution of each parameter is shown as a histogram along the matrix diagonal. 

Correlation coefficients significant at α=0.95 are bolded. n = 88 in all cases. 
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Figure 3. The bivariate plot derived from Climate Model 2 showing the effect of the winter, 

spring, and summer (WSS) cumulative precipitation (PPT) anomalies on population mean 

individual seed mass independent of other main effects (species identity, long-term mean 

cumulative WSS PPT, long-term mean cumulative WSS growing degree days >5°C (GDD), 

and the WSS GDD anomalies). 
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Figure 4. Partial effect plot derived from Climate Model 2, demonstrating the interaction 

between long-term mean winter, spring, summer (WSS) cumulative growing degree days > 

5°C and long-term mean WSS cumulative precipitation (PPT).  The relationship between 

population MISM and cumulative WSS PPT is displayed for each of three growing season 

lengths (mean GDD and GDD ± 1 SD). Each line shows the expected value of population 

MISM as a function of long-term mean cumulative WSS PPT for a given growing season 

length. The red dashed line indicates a non-significant relationship between the two 

variables among sites with relatively long growing seasons.  
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Figure 5. The results of the Johnson-Neyman interval analysis derived from Climate Model 

2, illustrating (a) the effects of WSS PPT (the moderator) on the estimated slope of the 

relationship between long-term mean WSS GDD and population mean seed mass, and (b) 

the effects of WSS GDD on the estimated slope of the relationship between WSS PPT and 

population mean seed mass.  The Johnson-Neyman intervals display how the estimated 

slope for a given predictor variable (labeled here as the y-axis) depends on the values of the 

moderator (x-axis).  The intervals of the x-variable within which the slope estimates differ 

significantly from zero (p < 0.05) are shown in blue; the intervals within which the slope 

estimates do not differ significantly from zero are shown in red. The thick portion of the 

horizontal black line at x = 0 indicates the range of observed x-values. 
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Figure 6. Boxplots comparing the MISM of populations growing on non-serpentine versus 

serpentine soil independent of species identity, climate, and geography (estimated from the 

Serpentine Model). The lower and upper hinges of the box correspond to the 25th and 75th 

quartile, respectively. The lower and upper lines or “whiskers” extend to the smallest or 

largest value that is no larger than 1.5x the interquartile range. Outliers are plotted beyond 

this range. 

 



 
 

Appendix 1. Detailed information about the 88 Streptanthus populations included in this study. Populations were collected between 
1984 and 2018 by Natalie Love (NL), Robert Boyd (RB), Anthony Ferrero (AF), Nishanta Rajakaruna (NR), and Robert Preston (RP). 

Population 
Name Species 

Year of 
Collection 

# 
Maternal 
Families 

Collected 
by MISM 

Soil Affinity 
(serpentine/non-

serpentine) Latitude Longitude Elev. (m) 

Long-
term 
mean 
WSS 
GDD 

Long-
term 
mean 
WSS 
PPT 

Tioga Lake tortuosus 1987 28 RP 0.3251 non-serpentine 37.926 -119.256 2690 519 681 
Lembert 
Dome tortuosus 2016 27 NL 0.3374 non-serpentine 37.877 -119.353 2623 534 659 

Ebbett's Peak tortuosus 2018 31 NL 0.4784 non-serpentine 38.542 -119.877 2240 717 968 

Tenaya Lake tortuosus 2016 26 NL 0.3742 non-serpentine 37.836 -119.454 2491 720 913 

Pacific Grade tortuosus 2018 31 NL 0.6181 non-serpentine 38.524 -119.904 2350 760 941 
Olmstead 
Point tortuosus 2016 28 NL 0.3399 non-serpentine 37.811 -119.485 2571 785 1014 

Kirkwood tortuosus 1988 62 RP 0.577 non-serpentine 38.705 -120.101 2630 810 955 

Cape Horn tortuosus 2018 31 NL 0.5988 non-serpentine 38.49 -119.967 2431 818 935 
Porcupine 
Creek tortuosus 2017 27 NL 0.3648 non-serpentine 37.808 -119.542 2502 836 1029 

Alpine Lake tortuosus 2018 31 NL 0.5528 non-serpentine 38.481 -119.995 2232 867 931 

Luken's Lake tortuosus 2018 31 NL 0.689 non-serpentine 37.851 -119.615 2499 880 1050 
Donner 
Summit tortuosus 1988 bulk mean RP 0.574 non-serpentine 39.32 -120.319 2114 885 1087 

White Wolf tortuosus 2018 31 NL 0.6112 non-serpentine 37.857 -119.647 2481 891 1080 

Lodgepole tortuosus 2018 32 NL 0.5665 non-serpentine 37.821 -119.711 2222 1028 1019 

Jeffery Pine tortuosus 2018 31 NL 0.483 non-serpentine 37.679 -119.589 2268 1137 856 

Badger Pass tortuosus 2018 22 NL 0.6298 non-serpentine 37.664 -119.665 2203 1171 859 

Hell's Kitchen tortuosus 2018 31 NL 0.4918 non-serpentine 38.424 -120.083 2073 1173 900 

Mount Shasta tortuosus 1987 33 RP 0.679 non-serpentine 41.321 -122.202 2316 1204 1279 

Big Meadow tortuosus 2018 29 NL 0.4493 non-serpentine 38.415 -120.109 1995 1228 923 
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Population Name Species 
Year of 

Collection 

# 
Maternal 
Families 

Collected 
by MISM 

Soil Affinity 
(serpentine/non-

serpentine) Latitude Longitude 
Elevation 

(m) 

Long-
term 
mean 
WSS 
GDD 

Long-
term 
mean 
WSS 
PPT 

Sentinel Dome tortuosus 2016 28 NL 0.5074 non-serpentine 37.722 -119.582 2398 1298 826 

Tamarak Flat tortuosus 2018 
bulk 
mean NL 0.6847 non-serpentine 37.763 -119.771 2141 1376 813 

Chinquapin tortuosus 2016 27 NL 0.5772 non-serpentine 37.661 -119.706 1900 1521 846 

G10 Pullout tortuosus 2016 9 NL 0.5979 non-serpentine 37.673 -119.7 2010 1526 832 

Yosemite Outlook tortuosus 2018 
bulk 
mean NL 0.5457 non-serpentine 37.724 -119.719 1371 1564 807 

Half Dome View tortuosus 2016 29 NL 0.4272 non-serpentine 37.716 -119.705 1494 1611 808 

Shasta-Trinity breweri 2016 22 NL 0.3641 serpentine 40.405 -123.179 1351 1661 1357 

Goodyears Bar polygaloides 2001 14 NR, RB 0.3331 serpentine 39.541 -120.883 820 1905 1227 

Washinton Road polygaloides 2017 23 NL 0.3764 serpentine 39.335 -120.803 1212 1930 1196 

Washington Rd tortuosus 1988 
bulk 
mean RP 0.757 serpentine 39.335 -120.802 1212 1931 1195 

Castle Rd tortuosus 1987 45 RP 0.563 serpentine 40.741 -123.003 701 1937 787 

Del Loma tortuosus 1984 8 RP 0.4988 non-serpentine 40.795 -123.364 335 2024 966 

French Gulch tortuosus 1984 11 RP 0.52 non-serpentine 40.67 -122.693 512 2026 924 

Burnt Ranch tortuosus 1984 7 RP 0.8166 non-serpentine 40.805 -123.468 430 2042 999 
Drum Powerhouse 
Road tortuosus 2017 18 NL 0.4493 non-serpentine 39.228 -120.815 1066 2063 1133 

Junction City tortuosus 1984 10 RP 0.506 serpentine 40.737 -123.048 501 2089 713 

Don Juan Point tortuosus 1984 10 RP 0.575 non-serpentine 40.785 -123.419 305 2105 962 

Salmon Creek glandulosus 2016 25 NL 0.5154 serpentine 35.815 -121.354 260 2119 641 

Sugar Pine polygaloides 2016 14 NL 0.2809 serpentine 39.124 -120.783 1088 2208 1068 
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Population Name Species 
Year of 

Collection 

# 
Maternal 
Families 

Collected 
by MISM 

Soil Affinity 
(serpentine/non-

serpentine) Latitude Longitude 
Elevation 

(m) 

Long-
term 
mean 
WSS 
GDD 

Long-
term 
mean 
WSS 
PPT 

Camp Meeker glandulosus 2016 30 NL 0.4527 serpentine 38.426 -122.954 185 2248 1014 

Incline tortuosus 2018 
bulk 
mean NL 0.4028 non-serpentine 37.675 -119.834 494 2259 704 

Concow polygaloides 2001 13 NR, RB 0.2401 serpentine 39.798 -121.488 835 2354 1240 

Grass Valley polygaloides 2001 13 NR, RB 0.2529 serpentine 39.224 -121.051 790 2361 1029 

Sugar Loaf barbiger 2016 28 NL 0.2635 serpentine 38.446 -122.535 307 2366 845 

Poly P Hill glandulosus 2016 38 NL 0.5097 serpentine 35.303 -120.651 275 2371 478 

Miossi Ranch glandulosus 2016 8 NL 0.4921 serpentine 35.295 -120.643 173 2385 477 

Laguna Mountain breweri 2016 39 NL 0.6313 serpentine 36.338 -120.802 1250 2398 429 

El Portal tortuosus 2017 24 NL 0.3951 non-serpentine 37.669 -119.904 408 2424 638 
Clear Creek Management 
Area breweri 2016 25 NL 0.4526 serpentine 36.377 -120.734 945 2435 394 

Dry Creek - breweri breweri 2016 29 NL 0.2605 serpentine 38.732 -122.665 468 2495 867 

Dry Creek - glandulosus glandulosus 2016 29 NL 0.4502 non-serpentine 38.732 -122.665 457 2495 867 

Big Canyon glandulosus 2016 18 NL 0.828 non-serpentine 38.843 -122.657 435 2541 790 

Garden Valley polygaloides 2016 27 NL 0.2276 serpentine 38.842 -120.783 543 2545 804 

Howard Springs barbiger 2016 28 NL 0.4321 serpentine 38.858 -122.673 640 2551 833 

Iowa Hill tortuosus 2017 24 NL 0.5394 non-serpentine 39.099 -120.924 380 2556 865 

Middletown hesperidis 2016 27 NL 0.3121 serpentine 38.785 -122.612 326 2583 733 

Morgan Valley hesperidis 2016 28 NL 0.2732 serpentine 38.864 -122.404 662 2633 555 

Butt Canyon - hesperidis hesperidis 2016 13 NL 0.2367 serpentine 38.734 -122.527 324 2634 820 

Goat Mountain breweri 2016 30 NL 0.3432 serpentine 39.29 -122.566 431 2646 587 
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Population Name Species 
Year of 

Collection 

# 
Maternal 
Families 

Collected 
by MISM 

Soil Affinity 
(serpentine/non-

serpentine) Latitude Longitude 
Elevation 

(m) 

Long-
term 
mean 
WSS 
GDD 

Long-
term 
mean 
WSS 
PPT 

Moccasin polygaloides 2017 30 NL 0.1597 serpentine 37.754 -120.248 618 2647 590 

County Line polygaloides 2018 20 RB, AF 0.1823 serpentine 37.747 -120.244 579 2648 588 

Coulterville polygaloides 2016 30 NL 0.2181 serpentine 37.771 -120.259 478 2650 588 
Adobe Canyon - 
glandulosus glandulosus 2016 19 NL 0.3654 non-serpentine 37.407 -121.407 425 2655 336 

Snell Valley glandulosus 2016 24 NL 0.433 serpentine 38.696 -122.445 205 2674 725 

Dry Creek Road polygaloides 2018 12 RB, AF 0.3186 serpentine 38.963 -121.087 408 2679 672 

Pope Creek breweri 2016 27 NL 0.3948 serpentine 38.647 -122.364 180 2681 606 

Butt Canyon breweri 2016 29 NL 0.2313 serpentine 38.711 -122.478 260 2692 776 

Marshall Road polygaloides 2018 11 RB, AF 0.234 serpentine 38.817 -120.902 228 2699 623 

Bartlett Springs breweri 2016 29 NL 0.2299 serpentine 39.168 -122.507 520 2703 616 

Bagby polygaloides 2017 28 NL 0.1997 serpentine 37.665 -120.158 710 2729 530 

Pipeline Rd hesperidis 2016 28 NL 0.2313 serpentine 38.845 -122.383 663 2752 546 

Highway 49 tortuosus 1984 10 RP 0.7463 serpentine 37.642 -120.147 548 2755 513 

O'Brien tortuosus 1984 7 RP 0.4813 non-serpentine 40.807 -122.321 460 2771 1254 

Berryessa Knoxville Rd breweri 2016 30 NL 0.3656 serpentine 38.824 -122.349 450 2773 575 

San Andreas polygaloides 2016 29 NL 0.2471 serpentine 38.22 -120.7 246 2803 536 
Bear Valley - 
polygaloides polygaloides 2016 24 NL 0.2148 serpentine 37.598 -120.124 576 2811 502 

Merced River polygaloides 2017 19 NL 0.2636 serpentine 37.613 -120.139 284 2844 483 

Watts Valley polygaloides 2018 11 RB, AF 0.291 serpentine 36.915 119.419 551 2849 482 

Magalia polygaloides 2018 7 RB, AF 0.3054 serpentine 39.709 -121.536 489 2850 1030 
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Population Name Species 
Year of 

Collection 

# 
Maternal 
Families 

Collected 
by MISM 

Soil Affinity 
(serpentine/non-

serpentine) Latitude Longitude 
Elevation 

(m) 

Long-
term 
mean 
WSS 
GDD 

Long-
term 
mean 
WSS 
PPT 

Lunt Rd polygaloides 2016 20 NL 0.2589 serpentine 39.708 -121.536 497 2852 1029 

Oroville tortuosus 1984 8 RP 0.4331 non-serpentine 39.585 -121.431 305 2862 907 

Tonzi polygaloides 2018 12 RB, AF 0.2905 serpentine 38.407 -120.891 192 2873 468 

Ione polygaloides 2016 30 NL 0.2242 serpentine 38.407 -120.891 195 2874 468 

Red Hills polygaloides 2001 12 NR, RB 0.2147 serpentine 37.841 -120.469 370 2957 463 
Bear Valley - 
breweri breweri 2016 30 NL 0.3572 serpentine 39.015 -122.383 355 2960 423 

Casa Loma polygaloides 2018 6 RB, AF 0.3766 serpentine 39.196 -120.771 1196 3010 428 

Table Mountain tortuosus 1988 66 RP 0.657 non-serpentine 39.551 -121.552 396 3030 652 

Elwood Road polygaloides 2016 56 NL 0.2693 serpentine 36.815 -119.368 179 3191 353 

Piedra polygaloides 2018 12 RB, AF 0.3227 serpentine 36.816 119.419 195 3255 314 
 2
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Appendix 2. A summary of the parameters used to test for the effects of species, long-term mean (30-year mean, 1961-1990) climate 
during the winter, spring, and summer (WSS) growing season (Climate Model 1) or long-term mean WSS climate and the WSS 
climate anomalies during the year of collection (Climate Model 2). The climate parameters included were growing degree days above 
5°C (GDD) and cumulative precipitation (mm). The p-values associated with climatic parameters used in each model are listed below 
and bolded values indicate significant p-values at α=0.05. The direction of the association (either positive or negative) is listed in the 
parentheses beside the p-value. The models are ordered by AIC from lowest to highest. 

      Seasonal Climate Parameters Interactions 

Model 

ID 

Number 

Model 

Rank AIC ΔAICi 

Adjusted 

R-

squared Species 

Long-

term 

mean 

WSS DD5 

Long-

term 

mean 

WSS PPT 

WSS 

DD5 

Anomaly 

WSS 

PPT 

Anomaly 

WSS DD5 

Long-term x 

WSS PPT 

Long-term 

WSS DD5 

Anomaly x 

WSS PPT 

Anomaly 

2 1 -172.02 0.00 0.64 <0.0001 0.0045 (+) 0.0055 (+) 0.633 0.0019 (-) 0.0028 (-) 0.5035 
1 2 -164.75 7.27 0.61 <0.0001 0.006 (+) 0.0057 (+) - - 0.0018 (-) - 
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Appendix 3a. Summary statistics for the principal component analysis that included long-
term mean winter, spring, and summer (WSS) growing season length, WSS cumulative PPT, 
WSS growing season length anomalies, WSS PPT anomalies, latitude, longitude, and 
elevation. 
Parameter PC1 PC2 PC3 PC4 PC5 PC6 PC7 
Standard deviation 1.66 1.42 1.07 0.80 0.51 0.39 0.18 
Proportion of Variance 0.396 0.287 0.162 0.091 0.037 0.022 0.005 
Cumulative Proportion 0.396 0.683 0.845 0.936 0.973 0.995 1.000 

 
Appendix 3b. Loading for the first two principal components for each variable included in 
the principal component analysis. 
Variable PC1 PC2 
Elevation 0.57 -0.19 
Long-term mean WSS PPT 0.11 -0.54 
Long-term mean WSS 
GDD -0.54 0.23 
WSS PPT anomaly -0.068 0.28 
WSS GDD anomaly 0.08 0.43 
Latitude -0.28 -0.55 
Longitude 0.53 0.23 
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Appendix 3c. Parameter estimates for the multiple linear regression (the Serpentine Model) 
designed to detect the effect of serpentine-derived soil on population mean individual seed 
mass among serpentine and non-serpentine populations of S. glandulosus and S. tortuosus 
independent of climate and geography (represented as PC1 and PC2; loading scores can be 
found in Appendix 3b). P-values significant at α = 0.95 are bolded. The reference for the 
main effect of species is S. tortuosus. 

Independent Variable Estimate SE t ratio Prob > |t| 
Intercept 0.53 0.028 19.20 <0.001 
species[glandulosus] -0.014 0.032 -0.44 0.6600 
serpentine[non-serpentine] -0.021 0.026 -0.81 0.4238 
PC1 -0.0089 0.012 -0.73 0.4693 
PC2 -0.022 0.014 -1.56 0.1272 

 
Appendix 3d. Summary statistics for the serpentine model. 

Source of Variance df SS F ratio P value 
Intercept 1 5.33 368.65 <0.001 
Species 1 0.0028 0.20 0.6600 
Serpentine 1 0.0094 0.65 0.4238 
PC1 1 0.0077 0.53 0.4693 
PC2 1 0.035 2.42 0.1272 
Residuals 43 0.62   

     
Adjusted R2 0.03    

 




