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Understanding thermal physiology can help us make mechanistic predictions about the 

organismal impacts of climate change. In my two ecology chapters, I explore the consequences of 

thermal physiology and behavior for the energy gain of montane grasshoppers. My study species – 

Melanoplus boulderensis and Melanoplus sanguinipes – are found along an elevational gradient (1740-

3515m) in Colorado, and I compare populations at different sites along this gradient. I measure the 

temperature sensitivity of digestion (Chapter 1) and diel patterns in field body temperature, activity, gut 

fullness, and preferred body temperature (Chapter 2). I interpret my findings using a simple energy 

budget, accounting for the energy gained through digestion of food and the energy expended through 

metabolism (both temperature-dependent processes). Past work suggests that these grasshoppers 

optimize their digestion at higher temperatures (~40°C) than their locomotion (~25°C) and most 

environmental temperatures they encounter. This led me to hypothesize that this difference in thermal 

optima could be adaptive if grasshoppers are using microhabitat selection and temporal partitioning of 

activities. Specifically, I expected that grasshoppers would feed in the morning, filling their guts by the 

afternoon. At these peak afternoon temperatures, they would bask in a warm microclimate to optimize 

their digestion. In Chapter 1, I find that grasshoppers do indeed optimize their digestion – and 

consequently energy gain – at high temperatures ~40°C, with minimal differences between populations in 

thermal optima but a of higher peak digestion for populations at higher elevations. Consequently, both 

climate and physiology affect population energy balances, with both species exhibiting counter-gradient 

variation. I find that, since metabolic costs have a minimal effect on net energy gain assuming abundant 

food, climate change has led to an increase in net energy gain of grasshoppers. In Chapter 2, I find that 



field body temperatures are elevated in cool conditions. M. sanguinipes individuals select a higher body 

temperature in a thermal gradient in the afternoon than they do in the morning, but feeding state (unfed or 

fed) does not significantly affect thermal preference. I do not find evidence for diel patterns in gut fullness 

and the best model for predicting activity includes only the operative temperature and not time of day. 

Unlike I predicted, grasshoppers are most active at high temperatures, which generally correspond to 

midday, and guts are not fullest at midday. However, the evidence I found for behavioral thermoregulation 

via microhabitat selection supports the hypothesis grasshoppers are taking advantage of thermal 

opportunity to gain more energy.  

My third chapter is in the field of discipline-based education research. Understanding the interplay 

between contrasting theories of motivation can help us make mechanistic predictions about the effects of 

classroom experiences on student outcomes. Building on past literature about classroom experience, I 

use structural equation models to explore the relationships between students’ perception of classroom 

competition, sense of control, sense of belonging, and exam performance. Two contrasting theories of 

motivation, Control-Value Theory and Self-Determination Theory, posit sense of control and sense of 

belonging as keys to motivation and ultimately performance. I leverage a large survey dataset of students 

in introductory college STEM classes in the United States. I test contrasting mechanisms for the impact of 

competition on exam z-score: an indirect effect via sense of control and an indirect effect via sense of 

belonging. I find that perceived competition lowers students’ sense of belonging, sense of control, and, via 

sense of control, exam performance. I also disaggregate these effects by race to investigate whether the 

impact of perceived competition varies for students with different racial identities. I refer to the 

Quantitative Critical Race Theory literature to guide our analysis and interpretation of these results. I find 

that the relationships between perceived competition, sense of control, and sense of belonging do not 

differ for students with different racial identities. I do, however, find differences in the mean levels of 

perceived competition, sense of belonging, and sense of control among students with different identities. 

These differences reflect systems of oppression in our society and our classrooms. 
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Chapter 1: How do climate and population differences affect grasshopper energy gain across an 

elevational gradient? 

In preparation for publication 

Abstract 

Grasshoppers can feed at exceptionally hot temperatures among insects, which has implications 

for rates of energy gain and responses to climate change, particularly in cool, montane environments. 

Does temperature sensitivity vary along a montane elevation gradient and what are the energetic 

implications? We assess the temperature dependence of digestion rate (thermal performance curves, or 

TPCs) for populations of two grasshopper species – a thermal generalist (Melanoplus sanguinipes) and a 

montane specialist (Melanoplus boulderensis) – along an elevation gradient. We find that the temperature 

dependence of digestion is similar across elevations, but higher elevation populations tend to have higher 

maximum rates. We use the TPCs as the basis for an energy budget model balancing estimated rates of 

energy acquisition against estimated rates of energy use. We conduct a simulated reciprocal transplant, 

which indicates that the majority of differences in net energy gain across elevation are attributable to 

climate rather than population-specific traits (physiology and body size) for M. boulderensis and the 

converse for M. sanguinipes. In both species, the directions of the trends are the same: net energy gain is 

maximized at low-elevation sites and by high-elevation populations. We estimate that 65 years of 

warming (from 1950-1959 to 2015-2024) has increased net energy gain for grasshoppers at all sites, 

especially high-elevation sites, where the most warming has occurred. The digestion rates of our focal 

grasshopper species suggest selection to capitalize on limited thermal opportunity and that the potential 

to capitalize will increase with warming.  

Introduction 

Forecasting the biological impacts of climate change remains a challenge. Organismal responses 

are variable and idiosyncratic. Mechanistic approaches that account for organismal thermal biology may 

offer more robustness and accuracy than correlative (phenomenological) models (Briscoe et al., 2023) 

especially because mechanisms may extrapolate better into novel climates (Evans et al., 2015; Williams 

& Jackson, 2007).  
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Temperature strongly influences organismal performance, energy use, and fitness by constraining 

physiological rates and behavior (Kingsolver, 2009). Despite the central role of thermal biology, predicting 

how organisms will respond to current and future climate change remains a challenge (Srivastava et al., 

2021). In ectotherms, spatial and temporal variation in thermal environments can alter energy acquisition 

and metabolic demands in ways that shape population dynamics and influence development, behavior, 

and other responses. Mechanistic approaches that link temperature-dependent performance to 

energetics provide a powerful framework for understanding how organisms respond along environmental 

gradients and to environmental change (Briscoe et al., 2023). 

Understanding whether survival or fecundity predominates as a fitness constraint for a given 

population can help predict its response to climate change. Rare, extreme temperatures can create 

selective pressures via survival, while mean temperatures affect fecundity via energy use and acquisition 

once there is sufficient net energy gain for survival (Buckley et al., 2021A). Both temperature variability 

and means are forecasted to increase under climate change. Which component is more salient for an 

organism depends on that organism’s thermal tolerance, its thermal sensitivity of performance, and the 

temperatures it experiences in its environment. Moreover, the constraining fitness component – survival 

or fecundity – can vary for a species spatially along an environmental gradient and temporally under 

climate change. At lower temperatures (i.e. the leading edge of the species range under climate change), 

fecundity may be the larger constraint, while at higher temperatures (the trailing range edge) survival may 

be more constraining. Measuring the temperature dependence of these individual fitness components 

and understanding which constraints are more salient in a given situation can improve forecasting of the 

organismal impacts of climate change (Buckley et al., 2021A). 

The temperature dependence of energy acquisition and use provides one promising mechanistic 

approach to quantifying the fitness effects of climate change. The temperatures organisms experience 

over their lives cumulatively affect fecundity by constraining their activity time for acquiring and processing 

food and the discretionary energy they have left for growth and reproduction after accounting for 

nutritional gains and metabolic costs (Kingsolver and Buckley, 2017; Buckley et al., 2021A; Kearney and 

Porter, 2004). When food availability is not limited, the temperature dependence of digestion tends to limit 
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energy gain more than consumption or foraging time (Angilletta, 2001; Harrison & Fewell, 1995). The 

temperature dependence of digestion provides a basis for predicting population dynamics and 

distributions (Levy et al., 2017; Youngblood et al., 2023). Thermoregulation can importantly alter 

ectotherm energy budgets as they select body temperatures in order to maximize their energy gain or 

seek refuge from thermal extremes (Coggan et al., 2011; Scheffers et al., 2014; Stark et al., 2023). 

Energetic determinants of fecundity can be complemented by modeling the impacts of short-term, 

damaging temperature extremes on survival (Amarasekare & Savage, 2012; Buckley et al., 2021A; Levy 

et al., 2015).  

Energy budgets can be estimated using thermal performance curves (TPCs), which describe how 

the rate of a fitness-conferring performance varies depending on the organism’s body temperature. As 

body temperature rises from the lower to the upper thermal limit for performance (Tmin and Tmax, 

respectively), performance tends to increase gradually to peak performance (Pmax) at the thermal 

optimum (Topt) and then to decline rapidly (Huey & Kingsolver, 1989). Biochemical rates and 

physiological stress constrain the shape of TPCs (Logan & Cox, 2020), but TPC shape remains a key 

form of adaptation to environmental gradients (Buckley & Kingsolver, 2021; Kingsolver, 2009). The 

construction and application of TPCs involves numerous assumptions, but TPCs can be integrated over 

environmental conditions as a powerful, if coarse, tool to estimate performance and fitness responses to 

variable and changing environments (Sinclair et al., 2016).  

Different physiological processes are often optimized at different body temperatures, shaping 

behavioral thermoregulation and the timing of activities in ectotherms (Huey & Kingsolver, 1989). In 

grasshoppers, digestion tends to peak at relatively high body temperatures, creating tradeoffs between 

maximizing energy gain during warm periods and incurring higher metabolic costs, which rise 

exponentially with temperature (Dillon et al., 2010). In cool, seasonal environments, rapid digestion during 

brief windows of favorable warmer temperatures may allow grasshoppers to capitalize on limited thermal 

opportunities, potentially influencing growth, reproduction, and population persistence (Nufio et al., 2025). 

The balance between temperature-dependent energy acquisition and metabolic expenditure determines 
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the net energy gain, which is expected to vary across elevational gradients and to shift under recent 

climate warming. 

In this study, we use a mechanistic, energetics-based approach to examine how temperature-

dependent digestion performance and metabolic costs shape net energy gain across an elevational 

gradient in grasshoppers. Grasshoppers play an important role in nutrient cycling and increased herbivory 

can accelerate nutrient cycling in some systems (Belovsky & Slade, 2000). Past work on the thermal 

physiology of grasshoppers has characterized temperature-dependent measures of feeding, digestion, 

assimilation efficiency, and metabolic expenditure, providing a mechanistic link between thermal 

environments and fitness-relevant outcomes (Harrison & Fewell, 1995; Belovsky, 1986, Buckley et al., 

2014; Buckley & Nufio, 2014). We focus on two montane species in Boulder County, Colorado, that differ 

in their elevational distributions, thermal biology and dispersal limitation. Melanoplus sanguinipes is a 

mid-season thermal generalist found along the high plains to the subalpine, while Melanoplus 

boulderensis is a short winged early-season thermal specialist restricted to montane environments. We 

estimate digestion thermal performance curves (TPCs) for populations along the elevational gradient. We 

construct an energy budget using these TPCs, metabolic rates, and modeled body temperatures over the 

growing season in order to estimate net energy gain across the elevation gradient under historical (1950–

1959) and contemporary (2015–2024) climate conditions. This approach allows us to evaluate how 

climate, population- and species- specific responses, and their interaction influence energy budgets 

across space and time. We assess how recent climate warming has altered energetic constraints. By 

linking thermal biology, energetics, and environmental change, our study aims to clarify the role of energy 

acquisition in shaping organismal responses to climate warming. 

We predict that both climate and physiology will affect net energy gain. The warming from the 

historical time period to the contemporary time period and from high-elevation sites to low may well 

increase hoppers’ net energy gain, particularly at high elevations that have experienced more warming. 

We build on a past study showing that hoppers’ digestion is optimized at high temperatures by extending 

the test temperatures above 40°C, which is near the digestion Topt (Buckley & Nufio, 2014). Still, 

metabolic costs also increase at higher temperatures, so the overall effect of warming on net energy gain 
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depends on the relative magnitude of the increases in acquisition and costs. We predict that, especially in 

the more genetically differentiated M. boulderensis (Slatyer et al., 2020), populations at different sites 

along the elevational gradient will exhibit TPCs that align with their environment. For example, a high-

elevation population may have a lower Topt than a low-elevation population since it would be beneficial to 

optimize digestion at a temperature that is more common in one’s environment.  

Methods 

Study system 

We studied grasshopper populations along an elevational gradient in Boulder County, Colorado, 

which has been extensively studied since the 1950s (Alexander & Hilliard, 1969; Nufio et al., 2010). We 

sampled populations from 5 sites at different elevations: 1,740m, 2,195m, 2,591m, 3,048m, and 3,515m 

(average population sample size: 48, range: 30-77). These elevations include the upper limit of M. 

sanguinipes and the lower limit of M. boulderensis, so M. sanguinipes only occurred at the lower 3 sites 

(1,740-2,591m), while M. boulderensis only occurred at the upper four sites (2,195-3,515m; Table S1). 

We collected M. sanguinipes individuals in August of 2023 and we collected M. boulderensis individuals in 

July of 2023 and 2024. 

Thermal performance curves 

To quantify the temperature dependence of digestion, we measured gut throughput as feces 

production at controlled body temperatures following Harrison and Fewell (1995). Adult grasshoppers 

were collected from each site and, within two days of capture, transported to Seattle by air (carry-on) or 

overnight shipment. Transported individuals were housed with others from the same site and sex in Ziploc 

bags with wheatgrass. Upon arrival, grasshoppers were weighed (Mettler Toledo XSR105DU) and 

housed individually in plastic tubs with wheatgrass. Individuals acclimated to the Percival (model 36VL) 

environmental chambers (27 °C, 14 h light / 21 °C, 10 h dark) for at least one day and then they were 

fasted overnight at 25 °C for at least 12 hours to empty the gut, with moisture provided via a damp paper 

towel. 

Each grasshopper was assayed at three of six test temperatures (16, 23, 30, 37, 40, and 43 °C) 

over three consecutive days in a semi-randomized order. On each assay day, individuals were acclimated 
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to the test temperature for one hour before being transferred to tubs containing 1 g of hydrated 

wheatgrass, which exceeded consumption in all trials. We inserted the wheatgrass in floral tubes for 

hydration. After 8 hours, fecal material was collected, dried at 50–65 °C for at least 72 hours, and 

weighed to estimate mass-specific feces production rates. We chose an 8-hour duration to primarily 

reflect digestion rather than feeding rates (Harrison and Fewell 1995). 

We used the R package brms to fit TPCs with Bayesian statistics, referring to the methods of 

Siemers et al. (2024). Our dependent variable was dried feces mass / hopper mass / time (mg/g/hr). We 

selected the Lobry-Rosso-Flandrois (LRF) function based on assessing the fit of several TPC functions 

(Lobry et al., 1991): 

𝑟𝑎𝑡𝑒 = 𝑃𝑚𝑎𝑥 ×  
(𝑇 − 𝑇𝑚𝑎𝑥) × (𝑇 − 𝑇𝑚𝑖𝑛)2

(𝑇𝑜𝑝𝑡 − 𝑇𝑚𝑖𝑛) × {(𝑇𝑜𝑝𝑡 − 𝑇𝑚𝑖𝑛) × (𝑇 − 𝑇𝑜𝑝𝑡) − (𝑇𝑜𝑝𝑡 − 𝑇𝑚𝑎𝑥) × (𝑇𝑜𝑝𝑡 − 𝑇𝑚𝑖𝑛 − 2𝑇)}
 

We estimated the equation parameters Topt, Pmax, Tmin, and Tmax with site as a fixed effect on all 

parameters, sex as a group-level fixed effect (in effect, only affecting Pmax, or the height of the curve), 

and individual as a group-level random effect. We accounted for sex since females are considerably 

larger (Nufio et al., 2025). We log-transformed the LRF function and fit it using a lognormal error 

distribution (so sex and individual effects were proportional rather than additive). For M. boulderensis, we 

collected data over two years and accounted for year as a fixed effect. Since we improved methodology in 

the second year by drying and weighting feces more promptly, we used the (higher) 2nd year fecal masses 

to fit Pmax but allowed both years of data to inform the shape of the TPC. We used moderately 

informative, biologically grounded priors, identical between populations and species so as not to bias the 

results (Tmin = normal(10°C, (5°C)2), Topt = normal(38°C, (5°C)2), Tmax-Topt = lognormal(log(12), 

(log(2))2) [°C], Pmax = normal (4mg/g/hr, (3mg/g/hr)2). We compared maximum a posteriori (MAP) 

estimates and 90% high-density credible intervals of the parameter posterior distributions for different 

populations. The complex LRF function, which includes multiplicative interactions among parameters, 

results in broad credible intervals. Parameter differences may thus indicate meaningful biological 

differences despite overlapping parameter credible intervals, so we use the distinct MAP estimates for 

each population in our energy budget. 
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Body temperatures 

We modeled climate using ERA5 (Hersbach et al., n.d.) and ERA5-Land (Muñoz Sabater, n.d.) 

hourly data on single levels, processed with the mcera5 package in R (Klinges et al., 2022). We examined 

the growing seasons (June through August) for historical (1950-1959) and contemporary (2015-2024) 

time periods. We used ERA5-Land (0.1° x 0.1° grids) for hourly air temperature, dewpoint temperature, 

surface pressure, windspeed, total precipitation, and downward solar radiation at the surface. For total 

cloud cover, total direct solar radiation, mean downward longwave radiation flux, and mean net longwave 

radiation flux, all of which weren’t available from ERA-5 Land, we used the griddata() function from the 

scipy.interpolate python library to interpolate ERA5 data (0.25° x 0.25° grids) to match the spatial 

resolution of ERA5-Land (Virtanen et al., 2020). We used inverse distance weighting of the four nearest 

grid cells (weight ~ 1/distance) to further downscale all climate variables to site latitude and longitude 

(Klinges et al., 2022). We used the micro_era5() function from the mcera5 package (Klinges et al., 2022), 

which interfaces with the microclimate model in the R package NicheMapR (Kearney & Porter, 2017), to 

estimate air temperature, wind speed, solar radiation, and soil surface temperature at the four 

combinations of 0% and 80% shading and organismal heights of 0.01m and 0.15m. We additionally 

estimated an intermediate microclimate condition (30% shading and 0.03m). For all shading cases, we 

used unshaded air temperature (since our sites are meadows with plenty of air mixing), but we allowed 

the soil temperatures to be influenced by the level of shade. Aside from the above settings, we used the 

default settings of micro_era5(). 

We used the function Tb_grasshopper() from the TrenchR package (Buckley et al., 2023) to 

estimate body temperatures via a biophysical model as a function of the climate variables above, as well 

as additional microclimate, organismal, and substrate variables. This function calculates operative 

temperature by modeling the heat exchange between the grasshopper and the surrounding environment 

via convection, conduction, and radiation (Buckley et al., 2014). Inputs to this function include the zenith 

angle of the sun, clearness index (0.7), grasshopper solar absorptivity (0.7; Anderson et al., 1979) and 

length (0.0225m), substrate reflectivity (0.3), and the proportion of organismal surface area in contact with 

this substrate (0). We generated 5 possible body temperatures corresponding to the 5 different shade and 

height settings used in NicheMapR. 
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Energy budget 

We estimated annual net energy gain for each species and sex at a given site by summing hourly 

estimates over the growing season (June-August). We estimated hourly body temperature both without 

(assuming intermediate microclimate: 30% shading and 0.03m) and with thermoregulation. For the case 

of thermoregulation, we assumed grasshoppers selected the body temperature that is closest to the 

species’ preferred body temperature (M. boulderensis: 32.8°C, M. sanguinipes: 30.6°C; Buckley et al., 

2014) from the range of available body temperatures (defined by the 5 body temperature scenarios 

representing the range of shade and height).  

We estimated net energy gain as energy input from digestion minus the energetic cost of 

metabolism. We used our thermal performance curve fits to estimate feces production for an individual of 

a given sex, from a given population, and at a given body temperature. To convert grams of feces to 

energy gain in units of kilojoules, we assumed an assimilation rate (proportion of energy absorbed) of 0.4 

and used values for the energy content of feces (12.8kJ/g) and wheatgrass (14.8kJ/g) (Harrison & Fewell, 

1995).     

We estimated resting metabolism using a previous parameterization of the equation 𝐵 ∝

𝑀𝑥𝑒−𝐸/𝑘𝑇𝑏, where M is the grasshopper’s mass (g, averaged across population and sex), x is the 

(unitless) scaling coefficient, E is the apparent activation energy of biochemical reactions (eV) and k is the 

Boltzmann constant (k = 8·62 × 10−5 eV K−1) (Buckley et al., 2014). This equation was linearized by taking 

the natural log and then previously separately fit for each grasshopper species (with a coefficient for 

dependence on elevation, Table S2). Grasshoppers spend the vast majority of their time at rest 

(unpublished observations), so we did not account for the additional energetic costs of active metabolism. 

To convert metabolism in units of milliliters of carbon dioxide produced to energy expenditure in units of 

kilojoules, we assumed that grasshoppers were metabolizing lipids. We used a respiratory quotient of 0.7 

to convert from CO2 produced to O2 consumed, a ratio of 2L O2 consumed for every 1g of lipids 

catabolized, and an energy density of 39kJ per gram of lipid, to calculate the expenditure in kilojoules 

(Lighton, 2008).  
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Analysis 

We used R for analysis and Python to access and merge ERA5 and ERA5-Land data. The first 

author used a large language model (Claude by Anthropic) to help write code. 

We simulated a reciprocal transplant by combining the climate conditions of one site with the 

population traits of another to determine how much the populations’ net energy gains are driven by each 

component. In other words, our simulations represented the net energy gain of each population when 

exposed to each climate. Our “observations” were the total energy gain for each population at each 

climate (where the species occurs) at each of the 10 years in the contemporary time period. Each 

observation averaged the estimated net energy gains across males and females. To understand the 

direction of the effects of climate, population, and their interaction, we used the R lmer function in the 

Lme4 package to fit a linear mixed-effects (LME) model for each species, with year as a random effect 

(Bates et al., 2015). We used AIC to select a model that included the interaction term (ΔAICc = 60 for M. 

boulderensis and 78 for M. sanguinipes). We conducted a type II ANOVA of the output of this LME model 

to assess the magnitude and direction of the effects of site climate and population (Fox et al., 2001). We 

restrict our interpretation to the direction and magnitude of effects (ignoring statistical significance) since 

estimates are based upon simulated data without propagation of error. We also used hierarchical 

partitioning of variance to compare the proportion of variance explained by site versus population for each 

species (glmm.hp R package, Lai et al., 2022). 

We also compared historical and contemporary net energy gains for populations at their home 

sites (assuming that historical physiology and body size are the same as our contemporary 

measurements). We compared net energy gain over time using LME models including time period, site, 

and the interaction of the two as fixed effects and year as a random effect. We also compared estimated 

marginal means from the historical and contemporary time periods for each site to understand the specific 

effect on each population’s net energy gain (Lenth and Piaskowski, 2025). Once again, statistical 

significance for these models should not be interpreted.  

Results  

Our focal populations and species optimize digestion at high and similar temperatures (Fig. 1). 

Higher elevation populations of both species tend to exhibit higher peaks (Pmaxes) and lower thermal 
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maxima for performance (Tmax, Fig. 1), but the confidence intervals of parameter estimates overlap 

(Table S3-S4). In M. boulderensis, males feed more per gram of their body mass than females, whereas 

we do not see a significant difference in Pmax between males and females in M. sanguinipes (Table S3-

S4). Our subsequent analyses utilize average TPC fits and energy gain across males and females. 

Individual variation in feces production is sizable at high temperatures (Fig. 1; Table S3-S4; Pmax 

individual SD = 0.417 for M. boulderensis and 0.334 for M. sanguinipes). Surprisingly, the Tmax estimate 

for the montane M. boulderensis species (~50°C) is higher than that for the thermal generalist M. 

sanguinipes (~46°C). Persistent digestion capacity even at the highest temperatures assayed limited our 

ability to accurately characterize Tmax.  
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Fig. 1. The thermal performance curves using the Lobry-Rosso-Flandrois equation showing (A) data for 

individuals and (B) parameter estimates (posterior means and 90% credible intervals). Colors indicate the 

populations at the different sites, and not all species are present at all sites. 

Digestion performance is optimized at quite high temperatures (~40°C), above the body 

temperatures grasshoppers regularly experience in the field (Fig. 2). Mean grasshopper body 

temperature estimates decrease with site elevation and increase from historical to contemporary time 

periods. The temperature-dependence of net energy gain is mainly driven by the digestion TPCs, with a 

small subtraction for resting metabolism, so energy gain is optimized at high temperatures. Populations at 
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low elevations (and contemporary time periods) more frequently encounter the high temperatures that 

maximize energy gain (Fig. 2). 

 

Fig. 2. Daytime (sunrise to sunset) estimated body temperature distributions have shifted between the 

historical and contemporary time periods (blue and red). Overlaying digestion thermal performance 

curves (solid lines, Fig. 1), rates of energy use (dashed lines), and estimates of new energy gain (dotted 

lines) for each population indicate that energy gain is optimized at temperatures warmer than the body 

temperatures experienced.     

Our simulated reciprocal transplant shows that an individual’s energy gain is driven by both 

physiological differences between the populations and by the climates these populations experience (Fig. 

3, Table S5-56, p<0.001 for all statistical tests). The climate that maximizes energy yield for grasshoppers 

of all populations is the warmest one (the lowest elevation; M. boulderensis: F3,135 = 2006.03; M. 

sanguinipes: F2,72 =1956.79). Within a given climate, however, TPC parameters for higher elevation 

populations maximize energy gain (M. boulderensis: F3,135 = 544.63; M. sanguinipes: F2,72=3224.08). This 

effect is particularly pronounced for M. sanguinipes and seems to be driven by differences in Pmax. 

Indeed, when we modify our energy budget to divide total energy gain through digestion by the area 
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under the TPC, much of the population effect disappears (Fig. S1). Differences in energy yields between 

populations are larger at warmer sites (M. boulderensis: F9,135 = 10.80; M. sanguinipes: F4,72 = 35.93). 

Trends remain similar when thermoregulation is modeled (Fig. S3). We use hierarchical partitioning of 

variance (without the interaction term) to understand the relative contribution of physiology and climate to 

energy balances for each species. For M. boulderensis, 79% of the variance is explained by climate, 

while the remaining 21% is explained by population physiology. For M. sanguinipes, 38% of the variance 

explained is due to climate, while the other 62% is due to population physiology. 

 

Fig. 3. Estimated net energy gained for our simulated reciprocal transplant. We depict estimates for each 

contemporary year (2015-2024, points) along with 25, 50, and 75% quantiles and maxima and minima. 

Comparing populations in their home climates (dots as opposed to Xs), energy balances are similar 

across sites. This is due to opposing influences of population physiology (color, see comparisons within 

facet) and site climate (columns). 

Finally, we compare estimates of net energy gain for home populations in historical (1950-1959) 

and contemporary climates (2015-2024). Net energy gain has increased over 65 years of warming for all 

populations (Table S7; contrast ± SE M. boulderensis: 3.83 ± 0.825 kJ/g, F1,18 = 21.52, p<0.001; M. 

sanguinipes: 3.89 ± 1.13 kJ/g, F1,18 = 11.92, p=0.003), with the greatest increase occurring at higher 

elevation sites (Fig. 4, Table S8-S9, Fig. S2, S4) where warming has been most pronounced (Fig. 2). 
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Shifts in energy gain across time vary across sites for both species (Table S7-S9; M. boulderensis: F3,54 = 

2.96, p=0.040; M. sanguinipes: F2,36 = 13.60, p<0.001).  

 

 

Fig. 4. 65 years of warming have increased estimated energy balances for all populations within their 

home sites. We depict estimates for each historical or contemporary year (dots) along with 25, 50, and 

75% quantiles and maxima and minima. 

Discussion 

Our study shows that digestion performance in both focal grasshopper species is optimized at 

relatively high body temperatures (~40°C), indicating that periods of warm conditions can strongly 

enhance energy acquisition (Fig. 1). Although such high body temperatures occur less frequently than 

moderate temperatures in these environments (Fig. 2), a high thermal optimum may allow grasshoppers 

to capitalize on brief episodes of thermal opportunity when they arise, consistent with theoretical 

expectations for ectotherms in seasonal environments (Angilletta et al., 2010). Population TPCs did not 
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differ significantly along the elevational gradient but we detected a trend in the magnitude of peak 

performance (Pmax). Contrary to our predictions, digestion thermal optima did not decline with elevation, 

providing little suggestion of local adaptation in thermal optima. Pmax differences among populations 

were more pronounced for M. sanguinipes. The finding was unexpected given the potential for local 

adaption in the dispersal-limited species, M. boulderensis, which exhibits more genetic differentiation 

(Slatyer et al., 2020).  

Another unexpected result was the relatively high estimated upper thermal limit for digestion 

(Tmax) in the montane species M. boulderensis (~50°C) compared with the thermal generalist M. 

sanguinipes (~46 °C). This pattern contrasts with previous estimates of critical thermal maxima (CTmax) 

based on righting response, which tended to be slightly higher for M. sanguinipes (Buckley et al., 2014; 

Taylor, 2024). Our having few test temperatures above Topt limits the accuracy of our Tmax estimates. It 

is also possible that the high upper thermal limit for M. boulderensis digestion is real and adaptive – 

although mean and lower temperatures are lower at high elevation, grasshoppers there can reach higher 

thermal extremes due to absorption of higher levels solar radiation (Fig. 2; Buckley et al., 2013). A high 

Tmax may allow them to capitalize on this thermal opportunity. Preferred body temperature estimates in a 

thermal gradient were higher for M. boulderensis (Buckley et al., 2014), particularly at higher elevations, 

consistent with the montane species optimizing limited thermal opportunity.  

The main trend in our TPCs is that peak performance (Pmax) is highest for high-elevation 

populations. This is consistent with past results for leaf area eaten for M. boulderensis, particularly for an 

additional 3739m population. However, the past study found the reverse elevation trend for M. 

sanguinipes (Buckley & Nufio, 2014). The discrepancy may be due to this study fitting the data to a 

different TPC equation, including higher temperatures, and examining feces production rather than leaf 

area eaten. Interestingly, the value of Pmax does not seem to trade off with thermal breadth, as in a 

specialist-generalist tradeoff; likewise, higher Pmax is not associated with higher thermal optima, as 

predicted by hotter-is-better (Angilletta, 2009).  

Mass scaling could explain the observed Pmax trend. The performance metric in our TPCs is 

mass of feces / mass of grasshopper / time. Grasshoppers, like many insects in season-limited 
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environments, follow a reverse temperature size rule (Nufio et al., 2025) – so the populations at high 

elevations which have the largest area under the TPC are also the smallest. Perhaps digestion 

performance should not be expected to scale linearly with mass: the metabolic scaling exponent for our 

focal grasshoppers is ~0.9 (Buckley et al., 2014). However, assimilation tends to increase 

disproportionally with size through insect development (Maino & Kearney, 2015). 

Another explanation is that selection is strongest on high-elevation populations: heat is a limited 

resource for these populations and efficient conversion of heat into energy through digestion is highly 

beneficial (Buckley et al., 2021A; Hodkinson, 2005). Assimilation rates tend to decline with increases in 

the duration of permissive temperatures (Levy et al., 2017). Thus, high-elevation populations with limited 

durations of thermally permissive conditions have the most to gain from increased capacity for energy 

assimilation. 

Our energy budget estimates indicate that warm climates and high-elevation TPCs maximize net 

energy gain. Our simulated reciprocal transplant reveals that the effects of climate and population 

physiology are working in opposite directions. Taking both into account, the estimated net energy gains 

for populations along an elevation gradient are more or less stable (Fig. 3). This pattern is consistent with 

counter-gradient variation, in which environmental and physiological effects offset one another across 

spatial gradients (Conover et al., 2009; Pettersen, 2020; Yamahira et al., 2007). Notably, when we no 

longer scale by population body size (mass), M. sanguinipes exhibits counter-gradient variation to a 

lesser extent and M. boulderensis exhibits co-gradient variation, with environmental and physiological 

components both pointing in the same direction (Fig. S5-S6). Our hierarchical partitioning of variance 

indicates that the explanatory power of climate vs. physiology depends upon the species: for M. 

boulderensis, climate is far more influential, while for M. sanguinipes, physiology is somewhat more 

influential. It is important to note that the partitioning is approximate since it is based on variation in 

energy estimates among years without accounting for error in parameter estimates (Dietze et al., 2024).  

Our comparison of historical and contemporary energy budgets suggests that warming has been 

beneficial for all populations’ energy balances, especially at high elevations where the most warming has 

occurred (Fig. 4). Our analysis indicates that the potential for increased energy assimilation predominates 
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in determining energetic responses to climate change (Levy et al., 2017), but increased metabolic costs 

and food limitations can be limiting factors for energy gain in other systems (Huey & Kingsolver, 2019). 

The capacity of grasshoppers to assimilate at high temperatures results in the potential for climate 

warming to increase net energy gain even in warm environments, increasing the chance of outbreaks that 

are detrimental to vegetation (Youngblood et al., 2023). However, water limitations can reduce thermal 

tolerance and limit the potential to capitalize on warming (Youngblood et al., 2025). Nutrient density can 

sometimes limit opportunities for energy gain, but responses to nutrient density vary widely among 

grasshoppers (Cease, 2024).  

Conclusion 

Although this study finds that warming provides thermal opportunity for increased net energy 

gain, past assessments of the effect of climate change on the same populations suggest mixed impacts of 

climate change on these grasshoppers. Resurveys show that from 1959-1960 to 2006-2008, abundances 

of these populations have either decreased or, in the case of high-elevation M. boulderensis, remained 

the same (Buckley et al., 2014; Nufio et al., 2010). Analyzing all abundance data (1958-1960 and 2006-

2015), Buckley et al. (2021B) found that total abundance declines or stays the same for our populations in 

years with a higher number of growing degree days. Past estimates of these populations’ thermal 

sensitivity also indicated that climate change has increased digestion performance, but indicated 

decrease in locomotion performance (which is optimized at ~25°C) with warming (Buckley & Nufio, 2014). 

The increased energy gain with warming may be accompanied by thermal stress or survival decreases 

that prevent abundance increases with warming (Buckley et al., 2021A).  Factors such as seasonal timing 

and elevation may determine whether climate change poses an opportunity or a stress. In our focal 

grasshopper system, early season species and higher elevation populations have generally increased 

body size over recent decades while later season and lower elevation species have declined in size 

(Nufio et al. 2025). 

Energetics is a promising lens for understanding organismal impacts of climate change. However, 

additional biological mechanisms are also important to consider, such as survival in the face of thermal 

extremes and shifting biotic interactions (Urban et al., 2016). Behavior is also an important mediator and 

buffer. All of these avenues should be pursued and ideally integrated. Understanding how different 
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biological mechanisms interact and which are the most salient in a given system or population may be 

crucial for predicting organismal impacts of climate change.  
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Supplement 

 

Fig. S1. Estimated net energy gained for our simulated reciprocal transplant, corrected for area under the 

thermal performance curve. (Akin to Fig. 3 in the text.) We depict estimates for each contemporary year 

(points) along with 25, 50, and 75% quantiles and maxima and minima. Comparing populations in their 

home climates (dots as opposed to Xs), energy balances tend to decline in colder sites. After accounting 

for differences in Pmax, physiology (see comparisons within facet) has little effect on energy balance. 
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Fig. S2. 65 years of warming have increased estimated energy balances for all populations within their 

home sites (like Fig. 4 in text but corrected for area under the TPC). We depict estimates for each 

historical or contemporary year (dots) along with 25, 50, and 75% quantiles and maxima and minima. 

After accounting for differences in Pmax, we see that higher-elevation populations tend to gain less 

energy on net. 
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Fig. S3. Estimated net energy gained for our simulated reciprocal transplant allowing for behavioral 

thermoregulation toward preferred body temperature. (Akin to Fig. 3 in the text.) We depict estimates for 

each contemporary year (points) along with 25, 50, and 75% quantiles and maxima and minima. 

Comparing populations in their home climates (dots as opposed to Xs), energy balances are similar 

across sites. This is due to opposing influences of population physiology (color, see comparisons within 

facet) and site climate (columns). 
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Fig. S4. 65 years of warming have increased estimated energy balances for all populations within their 

home sites (like Fig. 4 in text but allowing behavioral thermoregulation). We depict estimates for each 

historical or contemporary year (dots) along with 25, 50, and 75% quantiles and maxima and minima. 
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Fig. S5. The thermal performance curves using the Lobry-Rosso-Flandrois equation showing parameter 

estimates (posterior means and 90% credible intervals) without mass scaling (Akin to Fig. 1 in the text but 

multiplied by the average population masses). Colors indicate the populations at the different sites, and 

not all species are present at all sites. 

 

Fig. S6. Estimated net energy gained for our simulated reciprocal transplant without mass scaling. (Akin 

to Fig. 3 in the text.) We depict estimates for each contemporary year (points) along with 25, 50, and 75% 
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quantiles and maxima and minima. Comparing populations in their home climates (dots as opposed to 

Xs), energy balances are similar across sites for M. sanguinipes and decline at higher elevations for M. 

boulderensis. The trend in population physiology (color, see comparisons within facet) is reduced in M. 

sanguinipes and reversed in M. boulderensis when we do not scale by mass. In the latter case, we now 

see co-gradient variation, in which population physiology and site climate (columns) trend in the same 

direction. 
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Table S1. The sites along an elevational gradient in Colorado where we collected grasshoppers to 

measure their digestion thermal performance curves. 

Elevation Coordinates Species Number of individuals 
(males / females) 

1,740m 40.00N, 105.28W M. sanguinipes 19 / 17 

2,195m 40.01N, 105.37W M. sanguinipes 18 / 19 

M. boulderensis 27 / 32 

2,591m 40.02N, 105.43W M. sanguinipes 20 / 15 

M. boulderensis 32 / 32 

3,048m 40.03N, 105.55W M. boulderensis 40 / 37 

3,515m 40.06N, 105.62W M. boulderensis 10 / 20 

 

 

Table S2. Past data from (Buckley et al., 2014) on temperature-dependence of resting metabolic rate and 

on preferred body temperature. log(rmr) = b0 + b1*log_mass + b2*1/(k*Tb) + b3*elevation, where k= 8·62 

× 10−5 eV K−1 and Tb is in Kelvin. 

Species b0 b1 b2 b3 PBT 

M. boulderensis 17.1 0.98 -0.48 0.000124 32.83 

M. sanguinipes 16.5 0.85 -0.47 0.000108 30.63 
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Table S3. TPC parameter estimates for M. boulderensis with 90% credible intervals. 

 

 

Table S4. TPC parameter estimates for M. sanguinipes with 90% credible intervals. 

 

 

Table S5. Output of Type II ANOVA on our simulated reciprocal transplant regression.  
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Table S6. Coefficients from the same simulated reciprocal transplant regression model. The dependent 

variable is total energy gained adjusted for body size (kJ/g). 
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Table S7. Output of type II ANOVA on our time period regression. “Population” accounts for the effects of 

both physiological and climate differences, and “Time period” refers to historical (1950-1959) or 

contemporary (2015-2024). The dependent variable is total energy gained adjusted for body size (kJ/g). 

 

 

 

Table S8. Coefficients from the same time period regression model. The dependent variable is total 

energy gained adjusted for body size (kJ/g). 
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Table S9. Estimated contrasts (contemporary – historical) by site in our time period regression. Estimates 

represent change in total energy gained adjusted for body size (kJ/g). 
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Chapter 2: Implications of behavioral thermoregulation and activity timing for energy acquisition in 

montane grasshoppers 

In preparation for publication 

Abstract 

Behavioral thermoregulation, via microhabitat selection and temporal activity patterns, allows 

ectotherms some control in the temperatures they are experiencing and consequently their ability to 

perform essential activities and promote energy acquisition. Here we characterize behavioral 

thermoregulation and its implications for energy acquisition in two grasshopper species along a montane 

elevational gradient with thermal optima for food processing that often exceed environmental 

temperatures. We hypothesized that lower thermal optima for locomotion may result in diel temporal 

partitioning such that these grasshoppers fill their guts in the morning, then bask in the sunlight in the 

afternoon to increase their temperature and optimize their digestive throughput. We find that 

grasshoppers in the field thermoregulate to elevate body temperatures when below their thermal optima. 

Although most of a grasshopper’s time is spent stationary, feeding and movement activity are observed to 

increase with increasing operative temperatures. We do not find clear diel patterns in gut fullness. We find 

that time of day dictates thermal preference in one species, with individuals seeking hotter temperatures 

in a thermal gradient during midday than in the morning. Overall, we find that our focal grasshoppers are 

able to elevate their body temperatures such that the high thermal optima for food processing are likely to 

promote energy acquisition. We find mixed support for temporal partitioning of activities promoting energy 

acquisition.  

Introduction 

Behavior is an underappreciated modifier of how organisms experience their environment (Sih et 

al., 2010). Environment and behavior form a feedback loop – an organism’s environment affects its 

behavior, and organisms can change their environment through behavioral thermoregulation. 

Environmental choices are made both spatially, through microhabitat selection, and temporally, through 

the timing of activities (Woods et al., 2015). In ectotherms, these environmental choices determine body 

temperature (Tb) and thus response to climate variability and change (Kearney et al., 2009; Levy et al., 

2017; Sears et al., 2019). Behavior can also co-evolve with non-behavioral traits, such as coloration or 

thermal performance curves (Angilletta et al., 2006).  
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Microhabitat selection can allow ectotherms to maintain a body temperature within their preferred 

range even in the face of diel temperature fluctuations (Angilletta, 2009; Whitman, 1987). This is 

important since ectotherms’ performance of fitness-enhancing activities varies greatly with temperature 

(Chown & Terblanche, 2006). Behavioral thermoregulation is important to ectotherms from an energetic 

perspective. Warmer body temperatures increase metabolic expenditures (Dillon et al., 2010), and 

behavioral thermoregulation is one of the first lines of defense (Kearney et al., 2009). Conversely, warmer 

body temperatures can pose an opportunity to increase rates of feeding and energy gains (Buckley & 

Kingsolver, 2012; Youngblood et al., 2023).  

Digestion tends to be the rate limiting process of energy gain for ectotherms (Levy et al., 2017). 

The muscle and related performances that enable foraging and mechanical processing of food are viable 

over a broader range of temperatures than the biochemical processing of food via digestion and 

assimilation (Angilletta et al., 2002; Huey, 1982; Stevenson et al., 1985). Many ectotherms, particularly 

herbivores that consume tough plant matter, can initiate foraging activity at cool temperatures early in the 

day and fill their gut much faster than they can process food (Harrison & Fewell, 1995). Additionally, short-

term feeding (filling the gut) and digestion (emptying the gut) can vary in their thermal optima (Topts), 

often with digestion rate optimized at a higher temperature (Harrison & Fewell, 1995; Kingsolver & 

Woods, 1997). Rates of biochemical reactions increase exponentially with temperature based on the 

number of molecules with kinetic energies exceeding the required activation energy (Gillooly et al., 2001). 

Thus, enzymes adapted to warmer temperatures increase overall rates of reactions (Angilletta et al., 

2010; Kingsolver, 2009). 

One energetically advantageous strategy for ectotherms is to optimize food processing at high 

temperatures, which can be achieved even in cool environments by using solar radiation to behaviorally 

thermoregulate (Brewster et al., 2021; Sinervo & Adolph, 1994). Ectotherms can then temporally partition 

activities to actively forage in cool morning conditions before behaviorally thermoregulating to warm 

conditions to optimize food processing later in the day. Studies have documented diurnal temporal 

partitioning in a variety of contexts, but demonstrations of temporal partitioning to maximize food 

acquisition and processing are limited (Kronfeld-Schor & Dayan, 2003; O’Neill & Rolston, 2007).  
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The body temperatures ectotherms select can depend on their food status (Hardison & Eliason, 

2024). When food processing is optimized at high temperatures and food is abundant, seeking a high 

body temperature can maximize growth; however, when food is scarce, lower body temperatures reduce 

metabolic costs and often allow for more efficient absorption of nutrients (Coggan et al., 2011; Huey & 

Kingsolver, 2019; Miller et al., 2009). For example, Treidel et al. (2022) found that fed crickets selected 

warmer temperatures than starved crickets. Locusts deprived of certain nutrients sought the temperature 

at which those nutrients are most efficiently absorbed (Clissold et al., 2013). Consequently, the trend of 

seeking warmer temperatures after feeding is common in ectotherms (Angilletta, 2009). However, in some 

systems other considerations – such as development, predator evasion, or immunological defense – 

dominate thermal preference (Schuler et al., 2011).  

Grasshoppers have exceptionally high Topts for digestion among insects (Buckley & Nufio, 2014; 

Harrison & Fewell, 1995; Chapter 1). Field observations show grasshoppers can effectively maintain body 

temperatures above ~30°C during sunny days even in cold environments (Anderson et al., 1979; Harrison 

& Fewell, 1995; Whitman, 1987; Nufio CR personal observations). Whitman (1987) found that in the 

desert Taeniopoda eques was able to maintain consistent body temperatures near its preferred body 

temperature (32.6°C) during daytime by occupying different postures and microclimates. Harrison and 

Fewell, (1995) found that, in the lab, Melanoplus bivitatus were able to gain more energy at high 

temperatures (35°C) than lower temperatures (25°C and 15°C), and that this was primarily driven by the 

temperature dependence of digestion rates. In the field, grasshoppers began moving once their body 

temperatures exceeded 21°C and feeding once Tbs exceeded 25°C (although they fed at lower 

temperatures in the lab when they had been deprived of food). They found no particular relationship found 

between Tb and activity above those thresholds (Harrison & Fewell, 1995).  

We build on this research to evaluate thermoregulation, temporal partitioning, and their energetic 

consequences along a montane elevation gradient for two grasshopper species that differ in their 

elevational distributions, thermal biology and dispersal limitation. Melanoplus sanguinipes is a mid-season 

thermal generalist found along the high plains to the subalpine, while Melanoplus boulderensis is an 

early-season thermal specialist restricted to montane environments. The short wings of M. boulderensis 
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restrict dispersal, which has contributed to greater genetic differentiation—and the potential for local 

adaptation —across the elevation gradient (Slatyer et al., 2020). Both species exhibit high Topts for 

digestion (~40°C) (Chapter 1), which exceed average air temperatures and the Topts for locomotion 

(~25°C) (Buckley & Nufio, 2014).  

The high Topts could be advantageous over lower Topts given that digestion depends on 

biochemical reactions whose rates increase exponentially with temperature (Gillooly et al., 2001). We 

examine the implications of the observed high Topt for energy gain at an example site by adapting our 

energy budget from Chapter 1. The peak of the distribution of estimated available body temperatures 

(operative temperatures Te, see methods) is below the observed digestion Topt and near the Topt for 

locomotion (25°C, Fig. 1A). We compare the observed thermal performance curve (TPC) to two 

alternative TPCs with optima of 25°C (Fig. 1A). One alternative TPC corresponds to the “hotter-is-better” 

or the thermodynamic constraint hypothesis, which suggests hot shifted thermal performance curves are 

advantageous because they allow for greater overall performance (a greater area under the TPC) due to 

the biochemical advantages of being warmer (Angilletta et al., 2010). We scaled down the peak 

performance for the TPC with a Topt of 25°C using the Boltzmann-Arrhenius relationship, with an 

activation energy of 0.6eV (Asbury & Angilletta Jr., 2010; Gillooly et al., 2001). Alternatively, the 

biochemical adaptation hypothesis posits that, through molecular and cellular changes, species can adapt 

to counter the thermodynamic constraint. Our other alternative TPC thus maintains a similar peak 

performance for the Topt of 25°C. 

Our estimates suggest that the lower Topt would elevate seasonal (June-August) energy gain in 

the absence of a thermodynamic advantage of the higher Topt (Fig. 1B). We estimated that behavioral 

thermoregulation to approaching Topt (40°C) can help the grasshoppers reach these higher temperatures 

more frequently and consequently increase their energy gain (Fig. 1 C and D). Thus, behavioral 

thermoregulation may help grasshoppers realize potential thermodynamic advantages of a high Topt. 

 



42 
 

 

Fig. 1. Energy gain varies with digestion TPC and thermoregulation. (A) We depict how the seasonal 

(June-August 2022) distribution of daylight operative temperatures at our 2591m site modelled using our 

biophysical model corresponds to TPCs for digestion performance Chapter 1). The solid curve represents 

the observed digestion TPC for M. boulderensis from the 2591m site. The other two curves represent 

hypothetical cold-shifted TPCs under the biochemical adaptation and thermodynamic constraint 

hypotheses. (B) We estimate the seasonal energy gained when using each of the thermal performance 

curves in our energy budget, leaving other variables such as metabolic rate and mass unchanged. (C) 

Simulating thermoregulation toward the TPC Topt (D) increases estimated seasonal energy gain.  

 

We integrate field observations and controlled experiments to assess the hypothesis that our 

focal grasshoppers are using behavioral thermoregulation and temporal partitioning to maximize energy 

acquisition in their cool, montane environments. We first (1) assess whether grasshoppers are 

behaviorally thermoregulating to temperatures near their Topt for digestion. We then (2) assess 

grasshopper field behaviors to evaluate temporal partitioning of activity and the temperature dependence 

of behavior. We (3) ask whether gut fullness follows a diurnal pattern consistent with temporal partitioning. 
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Finally, we (4) evaluate selected body temperatures in a thermal gradient to ask whether temperature 

preferences depend upon time of day and/or gut fullness.  

We anticipate that behavioral thermoregulation will enable grasshoppers to achieve body 

temperatures approximating their Topt for digestion. We expect the grasshoppers to exhibit the most 

activity at intermediate temperatures in the morning to fill their guts before remaining in warm 

temperatures in the afternoon conducive to digestion. We thus anticipate that gut fullness will peak by 

midday and then decline. We expect grasshoppers to prefer warmer temperatures in the afternoon and 

with full guts consistent with temporal partitioning of activity to optimize digestion.  

Methods 

Study system, climate data, and biophysical model 

We studied grasshopper populations along an elevational gradient in Boulder County, Colorado, 

which has been extensively studied since the 1950s (Alexander & Hilliard, 1969; Nufio et al., 2010). We 

sampled populations from 4 sites at different elevations: 1740m, 2195m, 2591m, and 3048m. These 

elevations span the upper limit of M. sanguinipes and the lower limit of M. boulderensis, so M. 

sanguinipes only occurred at the lower 3 sites (1740-2591m), while M. boulderensis only occurred at the 

upper 3 sites (2195-3048m).  

We used a biophysical model to estimate grasshopper body temperatures (operative 

temperatures Te; Buckley et al., 2023) as a function of the following climate variables: wind speed, solar 

radiation, soil (surface) temperature, and air temperature. We deployed weather stations measuring these 

variables at each site. In 2022 we used Pace XR5 data loggers (Pace Scientific, Mooresville, NC, USA) 

logging every 5 minutes with Pace PT907 thermistors, a Pace SRS-100 Silicon Photodiode, and an 

anemometer. In 2023, we used Micromet stations (Dotmote Labs, Seattle, Washington, USA) logging 

every 10 minutes. Shaded air temperature and wind speed were measured at 1m above the ground. 

However, there were gaps and issues in our coverage of these variables. We used external climate data 

from nearby sites to fill in these gaps, fitting linear models between our data and external data for air 

temperature and solar radiation (external data from: Barnard & Schiff, 2026; Jager & Andreas, 1996; 

Morse, 2024; R2 values for these fits were 0.77-0.94). We ultimately did not use our measured wind speed 
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or soil temperature data and instead made simplifying assumptions or modeled these variables. For wind 

speed, we assumed a constant wind speed of .5m/s at 1m height. We used TrenchR’s soil_temperature() 

to estimate soil temperature based on air temperature, solar radiation, wind speed, air pressure, and 

some soil properties (solar absorptivity of 0.7, water content of 0.2, particle density of 1620; Buckley et 

al., 2023).  

We used the function Tb_grasshopper() from the TrenchR package (Buckley et al., 2023) to 

estimate body temperatures via a biophysical model as a function of the climate variables above, as well 

as additional microclimate, organismal, and substrate variables. This function calculates operative 

temperature by modeling the heat exchange between the grasshopper and the surrounding environment 

via convection, conduction, and radiation (Buckley et al., 2014). Inputs to this function include the zenith 

angle of the sun, clearness index (0.7), grasshopper solar absorptivity (0.7; Anderson et al., 1979) and 

length (0.0225m), substrate reflectivity (0.3), and the proportion of organismal surface area in contact with 

this substrate (0). We chose to model a grasshopper 0.03m above the ground and experiencing 50% 

shading in order to estimate an intermediate body temperature.  

Analysis 

We fit linear models for field body temperatures and gut content, and linear mixed models for lab 

preferred body temperature, using the lm() and lmer() functions in R (Bates et al., 2015). We assessed 

the significance of each predictor using the Anova() function from the car package (Fox et al., 2001) with 

Type II tests, obtaining F statistics. For field behavioral observations we fit generalized additive models 

with binomial family using bam() from the mgcv package (Wood, 2000). Significance of parametric terms 

was assessed via Wald χ² tests, and significance of smooth terms via approximate χ² tests, both obtained 

from mgcv (Wood, 2013). In all cases, we fit separate models for our two species. We always treated site 

elevation as an ordered categorical variable. Our model selection was informed by AICc and our research 

questions. Sample sizes are summarized in the methods section, and more in-depth coverage can be 

found in Table S1. 
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Field body temperatures 

In 2022 and 2023, we collected field body temperature data using an Extech type K 

thermocouple. A researcher would pin the head of the thermocouple between the hind leg and the 

abdomen to obtain a body temperature reading and release the hopper within ~10 seconds of capture. 

The sex and species of the grasshopper were noted along with the degree of shading where the hopper 

was first noticed. We performed a linear regression to assess the dependence of observed body 

temperature on modelled body temperature, site, and observed degree of shading. We measured 150 M. 

sanguinipes at the 1740m and 2591 sites and 287 M. boulderensis at the 2195m and 3014m sites. 

Measurements were collected over 22 days and spanned ~9AM-4PM. 

Field behavioral observations 

In 2022 and 2023, we leveraged an ongoing reciprocal transplant experiment to conduct 

instantaneous field behavioral observations within 16-inch diameter cylindrical metal cages constructed 

from tomato cages and wire mesh. 8-12 grasshoppers were reared within each of 3-4 cages per site. We 

marked adults with non-toxic paint to allow identification. Behavioral observations occurred 

opportunistically, with an effort to span the daylight hours of 7AM to 4PM. We had a total of 1927 

observations at the four sites, occurring over 48 days in July-August (with observations at one or two sites 

per day). Observation periods at a single site varied but were ~1.5hrs. A single researcher cycled across 

each cage (sometimes completing several cycles in a day), noting the identity, activity, position, and 

shading of each hopper one at a time. Possible activities arose from a period of preliminary observations 

and included: stationary, feeding, moving, mating, and grooming. Most grasshoppers were stationary 

followed by moving and feeding, so we simplified the categorization by removing observations of other 

activities. We then collapsed moving and feeding into an “active” category, while stationary was 

considered “inactive.” We fit a binomial-family generalized additive model in which activity depended 

operative temperature (smooth k=8), site, year, and sex, with cage, individual, and observation bout 

(date-site combination) as random effects.  
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Field gut content 

In 2023, we collected adult grasshoppers from each study population to assess their gut content 

at three times of day (10AM, 1:30PM, and 5PM), capturing ~10 males and 10 females at each site and 

time. Collections took place over 23 days, and usually collections for different times occurred on different 

days at a given site. We stored collected grasshoppers individually with no food in small plastic tubs or in 

Ziploc bags at room temperature (~21°C) for at least 24 hours (and no more than 36 hours). 

Grasshoppers were then weighed, stored in a new container with food, and released at their site of origin. 

The feces in the bags or containers were dried in a drying oven (65°C for at least 48hrs) and then 

weighed (Mettler Toledo XSR105DU). We used a linear regression to assess the dependency of hopper-

mass-adjusted feces mass (mg feces / g hopper) on sex, site, and time of day (treated as an ordered 

factor). 

Lab preferred body temperatures (PBTs) 

In 2023, we reared M. sanguinipes from two populations (1740m and 2195m) in Percival model 

36VL incubators under ramping 14-34°C temperature conditions with a 14 h light / 10 h dark cycle. 

Grasshoppers were reared in individual plastic cups and fed romaine lettuce and wheat bran. As part of 

another experiment, some individuals were exposed to low (+5°C) or high (+10°C) intensity heatwave 

conditions for three days at 3rd, 4th, and 5th instars. Once the individuals had reached adulthood, each 

grasshopper’s preferred body temperature (PBT) was assessed under four conditions, whose order was 

semi-randomized. Specifically, we varied the time of day they were tested (8-10AM vs. 2-4PM, denoted 

as AM and PM) and whether the hoppers were deprived of food for the ~16 hours before they were tested 

or fed normally (ad lib), for four total combinations. In 2024, we assessed the PBT of field-caught adult M. 

boulderensis from three sites, and we varied only the timing of the PBT test, while all individuals were fed 

normally. Before testing, hoppers were exposed to various constant temperatures for the purpose of 

assessing the thermal dependence of feeding performance. Then they recovered for 1-3 days in 

incubators (27°C, 14 h light / 21°C, 10 h dark) before PBT trials. We measured 342 M. sanguinipes and 

153 M. boulderensis individuals. 
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To assess PBT, we built a thermal gradient on an (0.125″ × 24″ × 48″) aluminum sheet. One end 

was in contact with an ice bath, while the other end was in contact with a heating band (QWORK Drum 

Heater Band 1200W 120V), creating a 10-55°C thermal gradient. The sheet was covered in a thin layer of 

sand and 11 5-cm-wide lanes were created by lengthwise corrugated plastic dividers. To keep 

grasshoppers inside and to still allow accurate thermal imaging, the top of the thermal gradient was 

covered in plastic wrap, heated by a blow dryer to pull the wrap taut. A FLIR camera (T640) was 

suspended over the thermal gradient to take infrared images. Tape measures were run lengthwise across 

the sides of the gradient, to allow visual assessment of a grasshoppers’ distance from the hot end of the 

gradient. This was necessary because IR and regular images captured by the FLIR camera did not 

always discernably capture the grasshoppers’ locations. 

For each PBT trial, one grasshopper per lane was placed in the thermal gradient on the cold end, 

where a small strip of plastic wrap could be quickly opened and closed. Grasshoppers explored the 

thermal gradient for 30 minutes, and then, every 10 minutes for 50 minutes (following Forsman, 2000; 

Springate & Thomas, 2005), a researcher took a thermal image of the gradient using the FLIR app and 

visually estimated the distance of each hopper from the hot end of the thermal gradient (to the 0.5cm). 

Most -- but not all -- of the grasshoppers were relatively stationary after the 30-minute acclimation period. 

These data were then processed in R using the ThermImage package (Tattersall, 2017). We 

wrote an R script to locate the important features of the thermal gradient, such as the four edges and 

each of the lanes. We translated distance from the hot end (cm) into pixels and captured a corresponding 

temperature from the thermal image at the center of the lane. For each grasshopper, we took the median 

of the six temperatures collected over the 50-minute period to get a single PBT. For our 2023 M. 

sanguinipes data, we fit a mixed effects model of median PBT’s dependence on sex, site, heatwave 

treatment (three ordered categories: control, low-intensity, and high-intensity), feeding state, time of day 

and the interaction between feeding state and time of day, with individual identity as a random effect. For 

our 2024 M. boulderensis data we ran a similar model but with no treatment, and no terms involving 

feeding state, reflecting our simpler study design.  
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Results 

Field body temperatures 

There was a clear relationship between modelled operative temperature (Te) and observed body 

temperature (Tb) (M. sanguinipes: F1,145=161.7, p<0.001; M. boulderensis: F1,282=240.3, p < 0.001; Table 

1, Table S2). At low operative environmental temperatures (modelled in intermediate shade conditions), 

grasshoppers were able to behaviorally thermoregulate to elevated body temperatures, while at high Tes, 

hoppers depressed their Tbs (Fig. 2). For both species, the degree of observed shading had a statistically 

significant effect, with more shading leading to lower Tbs (Table 1). In M. sanguinipes, site also had a 

significant impact on Tbs, with the lower elevation site having higher observed Tbs (Table 1). An interaction 

term between Te and site elevation was not supported (AICc was slightly smaller for the model with no 

interaction term for both species). 
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Fig. 2. The relationship between observed body temperatures (Tbs) and modelled intermediate operative 

temperatures (Tes) across sites. M. sanguinipes were measured at 1740m and 2591m, while M. 

boulderensis were measured at 2195m and 3048m. The line denotes a 1:1 relationship of observed Tbs to 

modelled Tes. 

 

Table 1. Anova table for how observed field body temperature (Tb) is predicted by intermediate modelled 

operative temperature (Te), level of shading, and site elevation. * denotes p<0.05, ** means p <0.01, and 

*** means p<0.001. 
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Field behavioral observations 

Grasshoppers were active on average only ~15-20% of the time. Our hypothesis touches on both 

time of day and temperature, so, in addition to our other covariates and random effects, we compared the 

AICc of three generalized additive models predicting activity (binary): operative temperature, time of day, 

and an additive model accounting for both (k=8, where k is the maximum number of degrees of freedom 

of smooth terms, in this case Te and time of day). Operative temperature and the additive model were 

indistinguishable (ΔAICc <2), while the time-of-day-only model had a higher AICc (ΔAICc > 5). Here we 

present the results of the simpler, Te-only model (Fig. 3A) but note that the additive model shows a similar 

albeit steeper relationship with Te and a negative linear relationship with time of day (Fig. 3B; Table S3-

S4). We find a significant effect of Te on activity in both species: for M. sanguinipes it is a logistic increase 

(χ1 = 5.684, p=0.0171, edf=1; Table 2), while for M. boulderensis it has more curvature but is still 

monotonically increasing (χ3.6 = 17.376, p=0.0016, edf=2.76; Table 2). There is, however, a lot of 

uncertainty and sparse data at very high Tes above 40°C, and some of the M. sanguinipes observations 

at these temperatures suggest a drop in activity (Fig. 3A). For M. sanguinipes, we also found that males 

were more active than females (χ1 =7.056, p=0.0079; Table 2, Table S5).  
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Fig. 3. Activity varies with operative temperature (Te). (A) The predictions of our primary generalized 

additive model are presented alongside a histogram of our observations. Te intervals with fewer than 5 

observations are not displayed in the histogram, while intervals with 5 or more observations but none that 

were active are visualized as a proportion of 0.025. (B and C) The partial effects and 95% confidence 

intervals of both Te (B) and time of day (C) estimated from a secondary generalized additive model. 
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Table 2. Generalized additive models for each species regressing activity (binary: active or inactive) on 

operative temperature (Te), sex, and site elevation. Degrees of freedom are estimated (edf) for smooth 

terms, and an adjusted edf (Ref.df) is used to calculate the p value for the χ2 test (Wood, 2013). * denotes 

p<0.05, ** means p <0.01, and *** means p<0.001. 

 

 

Field gut content 

Gut fullness did not vary significantly with the time of day for either species (Fig. 4, Table 3, Table 

S6). A model including the interaction of time of day and site was not supported by AIC (ΔAIC < 2 for M. 

sanguinipes and AIC > 5 in favor of simpler model for M. boulderensis). In both species, males produced 

less feces per gram of body mass than females (M. sanguinipes: F1,182=32.3, p=5.24e-08; M. 

boulderensis: F1,161=26.4, p=8.06e-07; Table 3). In M. sanguinipes there was a significant U-shaped 

relationship between gut fullness and site elevation (F2,182=5.3, p=0.00578, Table 3).  
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Fig. 4. Gut fullness (mass of the feces adjusted for hopper mass, y axis) does not vary significantly with 

time of day across species and site elevations.  

 

Table 3. Anova table for how mass-adjusted gut content (mg dried feces / g hopper) is predicted by 

elevation, collection time, and sex. * denotes p<0.05, ** means p <0.01, and *** means p<0.001. 
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Lab preferred body temperatures 

Individuals of M. sanguinipes preferred significantly warmer temperatures when measured in the 

afternoon than in the morning (F1,252.5=24.2, p < 0.001; Table 4, Table S7, Fig. 5A). In a marginal trend, 

unfed individuals selected lower temperatures (F1,254.4=2.2; p=0.143), although, this was mostly 

counteracted by a (non-significant) tendency for unfed individuals to select warmer afternoon 

temperatures (F1,255.5=0.8, p=0.371; Table 3, Table S7). Heatwave treatment did not have a significant 

effect on PBT (Table 4). We did not vary M. boulderensis feeding state (due to lower sample size and 

findings in M. sanguinipes) and we did not find a significant trend in PBT with time of day (Table 4, Fig. 

5B). We used median selected temperatures for individuals, and the average standard deviation was 

2.67°C. 

  

Fig. 5. Preferred body temperature (PBT) trials. Columns represent site of origin, colors represent time of 

day of the trial, points represent the median selected body temperature of an individual during a trial (out 

of 6 time points taken every 10 minutes after a 30-minute period of acclimation to the thermal gradient). 

(A) M. sanguinipes PBTs of lab-reared adults. Both time of day and feeding conditions leading up to the 

trial were varied (x-axis / color and fill). Our linear mixed effects model shows that hoppers have higher 

PBTs in the afternoon (PM) than in the morning (AM). (B) M. boulderensis PBTs of field-caught adults. 

Our linear mixed effects model found no significant difference between morning and afternoon PBTs. 
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Table 4. Anova table of linear mixed effects models for each species predicting preferred body 

temperature. Treatment indicates the heat wave treatment. Differences in independent variables between 

species are based on differences in the experimental design in the different years. Denominator degrees 

of freedom are estimated using the Satterthwaite approximation. * denotes p<0.05, ** means p <0.01, and 

*** means p<0.001. 

 

 

Discussion 

Our energy budget analysis suggests that energetic advantages of the observed high Topt for 

digestion are contingent on biochemical rate increases at warm temperatures (hotter-is-better, Fig. 1). 

Thermal optima are similar across species and populations along the elevation gradient (Chapter 1), 

perhaps reflecting constraints on biochemical adaptation (Somero, 2010). We found that M. boulderensis 

selects body temperatures approximating the Topt for digestion and M. sanguinpes selects slightly lower 

temperatures (Fig. 5). The energy budget suggests that raising body temperatures via thermoregulation 

can modestly increase energy gain along our focal elevation gradient (Fig. 1). Accordingly, we found that 

grasshoppers were able to elevate their body temperatures somewhat at low operative temperatures but 

not maintain constant body temperatures (Fig. 2).  

Consistent with a limited capacity for thermoregulation, we hypothesized temporal partitioning of 

activity whereby grasshoppers would use their capacity for feeding at lower temperatures to fill their gut in 

the morning and then bask in the afternoon when warmer temperatures allow thermoregulating to 

temperatures near their Topt for digestion. We found some support for temporal partitioning of activity: M. 
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sanguinipes selected warmer body temperatures in the afternoon (Fig. 5). We found that activity 

increased with body temperature, but observed grasshoppers spent most of their day at body 

temperatures well below their thermal optima for digestion (Fig. 3). We did observe a partial effect of 

activity declining through the day, consistent with temporal partitioning. The overall low level of observed 

activity (15-20% of available time) suggest that temporal partitioning of activity may not be needed to 

enable foraging. Indeed, grasshopper guts appeared to reach a constant level of fullness by our first 

measurement period (10AM, Fig. 4). Overall, our findings indicate that our focal grasshoppers seek 

opportunities for energy gain whenever conditions are permissive in their cool, season-limited montane 

environment.  

Our range of preferred field body temperatures were in line with other studies (Anderson et al., 

1979; Kemp, 1986; O'Neill and Rolston, 2007). Body temperatures varied considerably as a function of 

environmental conditions. Body temperatures were elevated at low temperatures and depressed at very 

high temperatures, somewhat buffering the effect of diel environmental variation (Fig. 2). Grasshoppers 

are able to continue locomotion (Fig. 3A; Buckley & Nufio, 2014) and digestion (Chapter 1) at hot 

temperatures close to 50°C. Although we observed few temperatures that high, grasshoppers appeared 

able to effectively thermoregulate to avoid stressfully hot temperatures. Expanding the times of day and 

operative temperatures (Tes) sampled would be desirable for confirming our findings.  

Our behavioral observations and our gut content findings contradict our expectation that 

grasshoppers would fill their guts in the morning, then bask and digest in the midday (Fig. 3, Fig. 4). Gut 

content does not seem to follow a diel cycle. This is not necessarily surprising since days at our Colorado 

sites are quite variable in terms of temperature and sunniness. A grasshopper will not necessarily end the 

day with an empty gut, and, since during the cold night minimal digestion occurs, the hopper would not 

start the next day with an empty gut either. It is more likely that feeding happens intermittently whenever 

digestion has made room in the gut and temperature allows for activity. Indeed, we found that feeding and 

movement – two behaviors linked to foraging – occurred more frequently at higher body temperatures. 

Harrison and Fewell (1995) described a temperature threshold for feeding and movement above which 

the occurrence of the activity did not depend on body temperature. In our generalized additive model, 
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there was not a clear threshold and the slope continued upwards even above Harrison and Fewell’s 

threshold of 25°C. We did not find the operative temperature at which activity dropped, but that may be 

due to small sample sizes at very high operative temperatures. When accounting for operative 

temperature and time of day, we found that activity declines as it gets later, but this expected relationship 

was outweighed by activity increasing with temperature. In both the behavioral observations and the gut 

content data, we were limited by opportunistic sampling – some of the variation in our outcomes is the 

result of variation in the days data collection occurred.  

Finally, we found that in M. sanguinipes, the preferred body temperature was higher in midday 

than it was in the morning, consistent with our expectations for diurnal partitioning of activity (Fig. 5). Diel 

variation in PBT has been found before in ectotherms (Angilletta et al., 1999; Kaneko et al., 2012; Treidel 

et al., 2022). We did not find the same trend in M. boulderensis, but incubator conditions were different. 

The finding in M. sanguinipes could be due to acclimatization or it could be due to a circadian 

temperature preference rhythm as is found in Drosophila (Kaneko et al., 2012). In M. sanguinipes, there 

was a nearly significant trend of lower preferred body temperature in unfed individuals. This is what we 

expected to see and may warrant further investigation. High variability in preferred body temperatures of 

individuals may result from methodological limitation. Individuals were placed in the gradient on the cold 

side (~10°C), and a minority of individuals did not move from there. The warm side was ~55°C and the 

heat quickly dissipated from there, so the temperature may not have been warm enough to dissuade the 

grasshoppers from trying to escape at the ends. Still, an overall difference in thermal preference by time 

of day emerges in M. sanguinipes. 

Conclusion 

Behavior is an important consideration in a warming world. We find that thermoregulation enables 

grasshoppers to maintain body temperatures that increase energy acquisition and to avoid stressfully hot 

temperatures (Fig. 1). Given the low and variable available body temperatures, our finding suggests that 

our focal grasshoppers may stand to increase their energy acquisition while avoiding thermally stressful 

conditions with climate change (Chapter 1; Youngblood et al., 2023). As generalist consumers of 

vegetation, our grasshoppers are unlikely to face food shortages and thus energetic challenges (i.e., 

metabolic meltdown, Huey and Kingsolver 2019). But declines in food quality with climate change (Cease, 



58 
 

2024) have the potential to detriment grasshoppers (Welti et al., 2020). Of course, even as rising mean 

temperatures could be energetically beneficial and have the potential to drive outbreaks (Youngblood et 

al., 2023), higher extremes could pose a threat for survival or limit activity time (Buckley et al., 2021; 

Dillon & Woods, 2016). Although we don’t observe many operative temperatures above 40°C, it is not 

clear that activity time is limited at high temperatures from our behavioral observations (Fig. 3). However, 

drier conditions accompanying climate change can depress thermal tolerance and induce thermal stress 

(Youngblood et al., 2025). If suitable refugia are present, behavioral thermoregulation – via seeking shade 

and avoiding the hot soil – can help to buffer the effects of increasing temperature extremes under climate 

change (Scheffers et al., 2014; Whitman, 1987). Body size changes in our focal grasshopper system over 

recent decades are consistent with climate change alternatively resulting in thermal opportunity or stress: 

early season and higher elevation species have generally increased body size while later season and 

lower elevation species have declines in size (Nufio et al. 2025). 
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Supplement 

Table S1. Sample sizes of individuals from each population (species-site combination) used for each 

experiment. MS = Melanoplus sanguinipes; MB = Melanoplus boulderensis. TOD = time of day. 

  1740m 2195m 2591m 3048m 

Field Tbs MS 56  94  

MB  167  120 

Behavioral 
observations 

MS 376 239 204  

MB  71 516 521 

Gut content MS 63 (19-24/TOD) 53 (13-21/TOD) 72 (19-29/TOD)  

MB  55 (16-22/TOD) 60 (17-23/TOD) 52 (16-19/TOD) 

PBT MS 106 236   

MB  54 29 70 

 

Table S2. Coefficients of our regression relating observed body temperatures (Tbs) to operative 

temperatures (Tes), shade level, and site elevation. * denotes p<0.05, ** means p <0.01, and *** means 

p<0.001. 
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Table S3. Alternative generalized additive model for behavioral observations including a smooth 

parameter for time of day (main model is presented in Table 2). Activity (binary: active or inactive) is 

regressed on operative temperature (Te), time of day, sex, and site elevation. Degrees of freedom are 

estimated (edf) for smooth terms, and an adjusted edf (Ref.df) is used to calculate the p value for the χ2 

test (Wood, 2013). * denotes p<0.05, ** means p <0.01, and *** means p<0.001. 

 

 

 

 

Table S4. Coefficients for the parametric terms of the alternative model for behavioral observations. 

Activity (binary: active or inactive) is regressed on operative temperature (Te), time of day, sex, and site 

elevation. * denotes p<0.05, ** means p <0.01, and *** means p<0.001. 
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Table S5. Coefficients for the parametric terms of the main model for behavioral observations (see Table 

2). Activity (binary: active or inactive) is regressed on operative temperature (Te), time of day, sex, and 

site elevation. * denotes p<0.05, ** means p <0.01, and *** means p<0.001. 

  

 

Table S6. Coefficients for our model of how mass-adjusted gut content (mg dried feces / g hopper) is 

predicted by elevation, collection time, and sex (female is the reference level). * denotes p<0.05, ** 

means p <0.01, and *** means p<0.001. 
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Table S7. Coefficients table for two linear mixed effects models (one for each species) predicting 

preferred body temperature. Differences in independent variables between species are based on 

differences in the experimental design in the different years. Reference levels are female (sex), AM (time 

of day), and fed (feeding state). * denotes p<0.05, ** means p <0.01, and *** means p<0.001. 
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Chapter 3: Perceived competition, mediated by sense of control, is associated with lower STEM student 

success regardless of race 

Submitted for publication 

Abstract 

Background 

Competition is one of the leading reasons undergraduates cite for leaving STEM. Competition is 

characterized by instructor and student behavior, course policies, and outside-of-class factors. Past 

studies on competition find that it has several negative effects on students’ experience in the classroom, 

although its effect on student performance is less clear. Using a structural equation model analysis of 

survey and exam score data from 6,463 students in 46 introductory STEM classrooms at 23 institutions, 

we ask: 1) Does perceived competition affect students’ performance directly or only indirectly, mediated 

through sense of belonging and/or sense of control? 2) In what ways do the relationships between 

perceived competition, sense of belonging, sense of control, and performance vary for students with 

different racial identities? 3) Do students with different racial identities perceive different levels of 

competition, belonging, and control? In selecting our mediators, we refer to Control-Value Theory and 

Self-Determination Theory. Our analysis and interpretation of results disaggregated by students’ racial 

identities are guided by Quantitative Critical Race Theory. We consider six racial categories, balancing 

sample size considerations with our desire to reflect students’ identities and noting that race is a social 

construct and racial identity is complex. We disaggregate this data with the goal of identifying and 

addressing inequities resulting from racism. 

Results 

We found several negative effects of competition. Specifically, the negative effect of perceived 

competition on exam z-score was mediated via students’ sense of control, not sense of belonging, and 

there was no direct effect of competition on exam z-score. Notably, perceived competition was associated 

with a lower sense of belonging, but belonging was not correlated with exam z-score. These relationships 

did not significantly differ between students with different racial identities. However, we did find some 

differences in mean levels of competition, belonging, and control among students with different identities, 

reflecting inequities for Black and Asian students.  
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Conclusions 

Overall, our findings indicate that perceived classroom competition is associated with lower 

performance for students on average, and that these relationships don’t vary for students with different 

racial identities. Competition’s negative effect on sense of belonging and sense of control are also notable 

in and of themselves. Although competition is multi-faceted and affected by many factors, instructors 

should work to reduce competition in their classrooms. Where it is not possible to reduce competition 

explicitly, restoring students’ sense of control may help mitigate the negative effect of competition on 

performance. 

Introduction 

Overview 

Competition is often cited by undergraduates as a reason for leaving their STEM major (Seymour 

and Hunter, 2019; Strenta et al. 1994). Introductory STEM classes – the locus of our study – serve as 

students’ first direct interaction with these competitive environments, and these introductory courses are 

the main site of STEM major attrition (Olson and Riordan, 2012). In this study, we use structural equation 

modeling to investigate the effects of perceived competition on students’ sense of belonging, sense of 

control, and, ultimately, performance in their introductory STEM course. We also disaggregate our model 

by race to investigate whether the impact of perceived competition varies for students with different racial 

identities. We refer to the Quantitative Critical Race Theory (QuantCrit) literature to guide our analysis 

and interpretation of results (Gillborn et al., 2018). We note in particular that numbers are not neutral, 

numbers require interpretation, and differences we see in the classroom are due not to “race” itself but 

due to racism (Gillborn et al., 2018).  

What is competition and how does it manifest in STEM classrooms? 

While there is no consensus on a single definition of the term “competition” in education research, 

the literature points to several aspects of the classroom experience that contribute to perceived 

competition. Tatapudy et al. (in rev.) interviewed students in an introductory Biology class on their 

perceptions of competition in their STEM courses and synthesized the themes that emerged. Student 

interviews revealed four types of factors that made a class feel competitive: instructor factors, student 

factors, course factors, and out-of-class factors (Tatapudy et al., in rev). One example of an instructor 
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factor is when the instructor frames their courses as a trial that only the best students will overcome 

(Gasiewski et al., 2012; Seymour and Hunter, 2019; Wallwey, 2022). Student factors occur when students 

bring a competitive orientation to the class (Weis, 2016; Seymour and Hunter, 2019), for example by 

frequently comparing grades. An example of a course factor is norm-referenced grading (i.e., grading on 

a curve) (Hughes et al., 2014; Fines, 1997). Out-of-class factors also shape the in-classroom experience: 

if students know they are competing with one another for internships or medical school admission, that in 

turn can frame the class itself as a competition (Nguyen and Lewis, 2020; Gasiewski et al., 2012). These 

four factors often co-exist and interact with one another (Tatapudy et al., in rev.). Our survey questions 

focus mainly on the student and instructor factors, emphasizing student or instruction behavior of 

comparing students (more details in the methods section). 

Because competition is undertheorized in the literature and is a complex, multifaceted 

phenomenon, it can be helpful to consider with what it has been contrasted. For example, in the 

achievement goal literature, competition is contrasted with a focus on learning the material. According to 

achievement goal theory, there are two broad types of goals a student can adopt: a mastery goal is an 

aspiration to develop competence and understanding of the material, while a performance goal is about 

demonstrating one’s ability by outperforming others (Meece et al., 2006; Bardach et al., 2020). In a meta-

analysis, Bardach et al. (2020) found that students internalize the goal structure of the classroom: when 

students perceive a performance goal structure (a competitive classroom environment), they are more 

likely to adopt performance goals themselves. But adopting mastery goals is generally found to increase 

students’ achievement-related behavior and self-efficacy (Meece et al., 2006). In the social 

interdependency literature, competition is contrasted with cooperation (Johnson et al. 1981). Here, 

competition is defined as one student’s success negatively depending upon their peers’ comparative 

failure. When cooperation is adopted – when students’ success depends on their groupmates also 

succeeding – students have a higher effort to achieve, stronger interpersonal relationships in the 

classroom, and better psychological health (Johnson and Johnson, 2008).     

In addition to these discrete contributing factors, competition is tightly intertwined with the culture 

of STEM in higher education. STEM is privileged within our society, and completing a STEM degree can 

lead to higher paying and more prestigious jobs (Imad et al., 2023; Burke et al., 2022). Compounding 
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that, science is presented as a meritocracy: objective, individualist, and elite (Morton et al., 2023). This 

prevalent narrative of science promotes competition and ignores the Eurocentric biases that make STEM 

– and the pathways to success in STEM – very much not “objective” (Morton et al. 2023; Imad et al., 

2023). Additionally, many people, STEM professors and students included, believe that STEM capabilities 

are innate (Dweck, 2006; Bowman, 2023). For example, some individuals believe either you are a “math 

person” or you are not (Gonzalez-DeHass et al., 2024). These factors combine to create an unwelcoming 

environment, where STEM students feel more like they are being sorted rather than supported (Seymour 

and Hunter, 2019). However, STEM culture does not have to be this way: instead of a competition, STEM 

could be framed as a collective enterprise for the good of humanity, where everyone’s perspectives are 

needed and valued (Imad et al., 2023).  

Overall, competition is multi-faceted, and it operates at different levels, oftentimes simultaneously. 

What exactly competition is and isn’t is still being characterized in the literature (Tatapudy et al., in rev.; 

Tatapudy et al., 2025), but because competition is routinely reported to be harmful to students (e.g., 

Canning et al., 2020; Morton et al., 2023; Imad et al., 2023, Tatapudy et al.. 2025), it is important to 

investigate its impacts, even without a perfect definition.   

What are the effects of competition? 

There is evidence that classroom competition has several negative effects on students, 

particularly on their motivation-related affect. Canning et al. (2020) found that perceived classroom 

competition in introductory STEM classrooms increased imposter feelings among students (especially 

first-generation students), and, as a result, indirectly decreased student engagement, attendance, and 

course grades and increased dropout intentions. Posselt and Lipson (2016) surveyed over 40,000 

undergraduates across many institutions and fields of study and found that perceived competition was 

associated with higher levels of anxiety and depression, especially among queer, first-generation, Black, 

and Latinx students. Finally, Tatapudy and colleagues (2025) interviewed dozens of students in 

introductory STEM classes and found that competitive classes lowered students’ sense of belonging. 

Cumulatively, the negative effects of competition lead to a retention problem: undergraduates who leave a 

STEM major cite the competitive environment as one of their top reasons for leaving (Seymour and 

Hunter, 2019).  



71 
 

While linked to many achievement-related behaviors and affects, the effect of competition on 

student performance itself is not entirely clear. In their meta-analysis, Murayama and Elliot (2012) found 

that perceived competition had no net effect on performance. Interestingly, though, they found support for 

an inconsistent mediator model in which competition induces both a beneficial performance-approach 

goal (eagerness to outcompete others) and a detrimental performance-avoidance goal (fear of 

underperforming compared to others).  

Indeed, the literature on the topic of the impact of competition on course outcomes is mixed, often 

depending on how perceived classroom competition or performance goal structures are measured and 

the alternative to which they are compared. When competition is contrasted with cooperation the findings 

are fairly clear: students in cooperatively structured classrooms have a higher performance than both 

competitive and individualistic classrooms, with no difference between the latter two conditions (Johnson 

et al. 1981; Roseth et al., 2008; Qin et al., 1995). Findings on the effects of performance goals, mastery 

goals, and combinations thereof on achievement are more variable (Smeding et al. 2013, Bergin 1995; 

Bardach et al., 2020; Elliot and Church, 1997; Pintrich 2000; Senko, 2019). And in a review, Elliot (2020) 

notes that given negative and positive mediators of varying magnitude, the effect of competition on 

performance is quite context dependent and can vary with sociocultural identity. 

Through what mechanisms might competition influence performance? 

We investigate two potential mediators (intermediate variables) through which competition might 

impact student performance: sense of control and sense of belonging. We selected these two mediators 

because the theoretical and empirical literature position each of them as a fundamental human need, 

both within the classroom and beyond (Pekrun, 2006; Ryan & Deci, 2000). 

Sense of control 

Students’ perceptions of competition may be associated with a lower sense of control in STEM 

classrooms. Perceived control refers to the belief that one’s actions can influence outcomes, and sense of 

control in a classroom often emerges from cues in the instructional environment (Pekrun, 2006). Past 

studies suggest that if students see their success as contingent not only on their own effort but also on 

outperforming peers, their sense of control weakens (Frenzel et al., 2007; Choi et al., 2025). Relatedly, a 

decreased sense of control can compromise students’ self-efficacy, or a student’s belief in their ability to 
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succeed (Bandura, 1997; Chan and Lam, 2008). Similarly, lack of control can increase academic anxiety, 

which in turn lowers engagement and performance (Respondek et al., 2017).  

According to Control-Value Theory, feeling a sense of control over one’s ability to achieve is an 

important driver of student motivation and ultimately success (Pekrun, 2006). Valuing achievement is also 

posited as important for motivation, but Choi et al. (2025) found that competition only affected sense of 

control – not sense of value. Even when students value doing well in a class, if they feel unable to 

influence that outcome, their motivation to succeed may decline (Pekrun, 2006). This influence of 

perceived control on academic success has been the subject of several studies, with lower control 

predicting lower grades and higher dropout intention (You et al., 2011; Stupnisky et al., 2007; Respondek 

et al., 2017; Perry et al., 2001). Still, sense of control has not yet been tested as a mediator for the effect 

of competition on academic performance (although Choi et al. (2025) found an effect on student 

engagement). 

Sense of belonging 

Competition may also influence students’ performance via their sense of belonging. According to 

Strayhorn (2018), sense of belonging refers to the extent to which students feel accepted, valued, and 

part of the academic community. However, sense of belonging can be conceptualized in a variety of ways. 

In their coding scheme, Rainey et al. (2018) divided sense of belonging into four categories: interpersonal 

relationships, science identity, personal interest, and (perceived) competence, highlighting that there are 

several components of sense of belonging. Generally speaking, competitive environments involve 

comparisons of students to one another, whether these comparisons are made by instructors, students, 

or course structures like norm-referenced grading schemes (Tatapudy et al. in rev.; Seymour and Hunter, 

2017). The implication of these comparisons is that a student’s status within the classroom is precarious 

and must be continually “proven” by outcompeting other students. This dynamic could threaten students’ 

sense of belonging, especially if students are already feeling uncertain about whether they belong.  

According to the Self-Determination Theory of motivation, belongingness, or relatedness, is a 

basic need that is an antecedent to motivation, with implications for performance (Ryan & Deci, 2000; 

Urhahne & Wijnia, 2023). Indeed, studies suggest that a lower sense of belonging may lead to lower 
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academic performance and reduced persistence in STEM (Walton & Cohen, 2011; Good et al., 2012; 

Rainey et al., 2018; Canning et al. 2020). Sense of belonging has not yet been tested as a mediator for 

the effect of competition on academic performance (although Canning et al. 2020 test “imposter feelings”, 

which are related). 

Competition and race 

Competition in STEM classrooms is rooted in a Eurocentric conceptualization of education and of 

science as 1) individualistic, 2) objective, and 3) elite (Morton et al. 2023). It is therefore unsurprising that 

competition might especially alienate racially minoritized students, especially in the context of introductory 

college STEM courses. First, the emphasis on individual success and advancement may feel unappealing 

to racially minoritized students, who often enter STEM fields with collaborative and prosocial values 

(McGee and Bentley, 2017; Jackson et al., 2017; Garibay, 2015; Morton et al., 2019). Second, 

“objectivity” posits science as immune to bias and cultural influence, justifying the competition as a 

“meritocracy,” despite historical and ongoing evidence to the contrary. Additionally, “objectivity” elevates 

European scientists and their ways of knowing as a presumed objective default (Imad et al., 2023). Third, 

the framing of STEM as elite and STEM capability as innate implies that introductory STEM courses serve 

a gatekeeping function (Hughes et al., 2014). Together, these three aspects of STEM culture make 

classrooms an unwelcoming environment for non-White students. These courses are not only a 

competition, but an unfair one at that: a sink-or-swim environment where prior inequities are amplified 

(Tatapudy et al., 2025), Eurocentric points of view are treated as objectively correct, and students of color 

are aware that instructors and peers may have preconceived notions about their ability to succeed in 

STEM (McGee, 2016; Steele and Aronson, 1995). 

Especially in competitive classrooms, where performance and comparisons are centered, non-

White undergraduates are forced to contend with racial stereotypes about their capacity for academic 

achievement. McGee (2016) found that Black and Latinx mathematics and engineering students at 

Predominantly White Institutions (PWIs) felt constant pressure to prove their intelligence and to assimilate 

to the dominant culture in order to counter stereotypes that questioned their capabilities. Even so-called 

“positive” stereotypes are dehumanizing and harmful: Asian and Asian American students are often 

perceived through the lens of the "model minority myth,” and this stereotype applies pressure on Asian 
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and Asian American STEM students to be perfect and ignores these students’ individual passions, 

struggles, and needs (Museus and Park, 2015; McGee et al., 2017). Competition can be difficult for all 

students, but stereotypes raise the stakes for students of color.  

Past research suggests that competition may have a disproportionate impact on racially 

minoritized students’ experiences in the classroom, potentially exacerbating racial inequities in student 

outcomes. For example, several studies have documented competition as an aspect of the environment 

that racially minoritized students name when describing STEM classes (McGee, 2016; Fematt et al., 

2024; Randolph, 2017). Other studies suggest that competition disproportionately harms racially 

minoritized students’ mental health (Posselt and Lipson, 2016) and sense of belonging (Randolph, 2017; 

McGee, 2016). Since a student's classroom experience is known to contribute to their ultimate academic 

success (Eddy et al., 2015; Thoman et al., 2014), inequities in classroom experiences could lead to 

inequities in performance. If the same level of perceived competition has more negative impacts on 

racially minoritized students than on racially majoritized students, competition could be a driver of 

inequities in STEM courses. In the literature, there is currently no documented quantitative link between 

perceived competition and racial inequities in academic performance. 

Sense of belonging may also vary among students with different identities. Due to negative 

stereotypes and historic and ongoing discrimination, the meaning and significance of belonging may be 

different for students with minoritized identities in STEM, who experience higher levels of stereotype 

threat and belonging uncertainty, than majoritized students (Murphy and Zirkel, 2015). Sense of belonging 

is inversely correlated to imposter feelings in academic settings (Peteet et al., 2015), and Canning and 

colleagues (2020) found that first-generation students experienced more impostor-like feelings in STEM 

environments they appraised as more competitive, compared to continuing-generation students. In our 

prior work, students from minoritized backgrounds (racially minoritized and/or first-generation students) 

described feelings of low belonging when reflecting on the impact of being in highly competitive 

environments (Tatapudy et al., in rev.).  

Noting the Eurocentric and stereotyped nature of competition in American higher education, we 

test the hypothesis that competition is disproportionately harmful for students with racialized identities in 
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STEM. To be clear, any differences between students’ experiences in the classroom are not due to race 

itself but are due to pervasive racism in education (Gillborn et al., 2018). 

Goal for this study 

In this study we quantitatively examine how students' perceptions of a competitive classroom 

environment relate to academic outcomes. We propose two possible mediators for this effect – sense of 

belonging and sense of control – and additionally test for a direct effect of perceived competition on 

performance. While there is past evidence for the intermediate relationships – for example, perceived 

competition affecting sense of belonging or sense of control affecting performance – we put these 

together in a mediation analysis that tests, even contrasts, sense of belonging and sense of control as 

impactful for student performance. We additionally test if the relationships and mean values of perceived 

competition, sense of control, and sense of belonging are different for students with various racial 

identities. In sum, we quantitatively link perceived competition, motivational factors, and racial inequities 

in academic performance. Our large sample size, structural equation modelling approach, comparison of 

two important potential mediators of performance, and disaggregation by students’ racial identities 

contribute to the growing literature on competition. 

Specifically, we address the following questions: 

RQ1. Does perceived competition affect students’ performance directly or only indirectly, mediated 

through sense of belonging and/or sense of control? 

RQ2. In what ways do the relationships between perceived competition, sense of belonging, sense of 

control, and performance vary for students with different racial identities? 

RQ3. Do students with different racial identities perceive different levels of competition, belonging, and 

control? 

Since the history of racism and exclusion is inextricably linked with the history of education in the 

United States and since there is (largely qualitative) evidence that competition may have 

disproportionately detrimental effects on students who are minoritized in STEM (Randolph, 2017; McGee, 

2016; Tatapudy et al., 2025), in our quantitative study we do not assume that the interactions between 

perceived competition, sense of belonging, sense of control, and performance are the same for students 
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with different racial identities. Instead, we disaggregate our data by students’ racial identities and test for 

different relationships between these variables to get a clearer picture of how competition might affect 

different groups of students, rather than implicitly modeling the racial majority.  

We employ Quantitative Critical Race Theory (QuantCrit) in our analyses and interpretation 

(Gillborn et al., 2018). QuantCrit stresses that quantitative studies are not objective – choices are made in 

the process of data collection, construction, analyses, interpretation, and presentation – and these 

choices are informed by the researchers’ perspectives and biases. In looking for or detecting differences 

among racial groups vis-a-vis perceived competition, sense of belonging, sense of control, and 

performance, we are identifying inequities in hopes of changing the institutions that generate and 

perpetuate them. In other words, differences we see in the classroom are due not to “race” itself but due 

to racism (Castillo and Gillborn, 2023). Quantitative data are often privileged over qualitative work in 

research and in our society (Gillborn et al., 2018), but this is incorrect, as both have their strengths. In 

interpreting our findings, we turn to past qualitative work, which can better express the nuances of 

students’ experiences. In addition, future qualitative work may shed even more light on the dynamics of 

perceived competition, sense of control, sense of belonging, and performance, and how they interact with 

racialized experiences in the classroom.  

Methods 

Data collection 

The data were collected as part of a larger project (National Science Foundation Award numbers 

2012792 and 2420369), and we are using a subset of the data here. As part of this larger project, we 

recruited instructors who were teaching introductory STEM classes at a variety of four-year 

undergraduate institutions (after data cleaning, we had 46 classes in this dataset; all but two were taught 

by unique instructors). In the first phase of recruitment, we reviewed studies written by introductory STEM 

course instructors implementing active learning strategies in their classrooms (Theobald et al., 2020). We 

emailed these instructors to invite them to participate in our study. If they were unable to participate, we 

asked these instructors to recommend colleagues who also implement active learning in their introductory 

STEM classrooms. Using this approach, we recruited 13 instructors at institutions across the United 

States. After this initial 13 instructors, we sought additional participants in three ways: 1) we asked prior 
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participants to suggest colleagues whom they thought might be interested in contributing, 2) using the 

IPEDs database, we divided the United States into eight regions (Southwest, Southeast, Rocky 

Mountains, Plains, New England, Mid East, Great Lakes, and the Far West), and sought even sampling 

by region: using institutional websites, we contacted directors of Centers for Teaching and Learning and 

department heads, asking them both for recommendations of faculty they think would be interested in 

contributing and asking them to forward our recruitment message to potential participants. We then 

reached out directly to instructors who were recommended. 3) We additionally recruited via faculty 

listservs and with individual invitations to instructors within our networks who teach introductory STEM 

classes. We primarily recruited instructors from 4-year public, research-intensive and regional institutions.  

After obtaining required institutional permissions (see below and in the supplement), we invited 

students in these instructors’ introductory STEM classes to complete a mid-course survey on their 

experience in the class and to share their grades at the end of the course. After data cleaning, our sample 

included data from 46 classes (25 Biology, 12 Chemistry, 4 Physics, 3 Mathematics, and 1 Computer 

Science and 1 Earth Science; median class enrollment: 241, range: 20-807) at 23 institutions, with 

responses from 6,463 students. For each class, the students took a single survey midway through the 

term asking, among other things, about their perception of competition in the classroom, their sense of 

control, their sense of belonging, and their demographic information. The survey was administered online 

and took around 15 minutes to complete. Students were given an online consent form detailing the 

study’s purpose, outlining the potential risks and benefits of participating, and stressing that study 

participation was optional. In most classes, students were incentivized to take the survey with extra credit 

or course points, which were granted upon completion, whether or not the student opted to share their 

responses with the study. We did not use the responses of students under 18 years old in this research. 

Response rates after data cleaning ranged from 21% to 95% (median: 56%) per classroom. At the end of 

the term, we collected each student’s average exam score from the professor. To ensure anonymity, 

student survey responses and grades were de-identified before analysis. See below and the supplement 

for more information about the data and questionnaire. 
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Human Ethics and Consent to Participate 

The University of Washington Human Subjects Division determined this study to be exempt under 

protocol number MOD00017031. Additional permissions can be found in the supplementary material. 

Survey design 

At the end of our survey, we asked students to describe their racial and ethnic identity by allowing 

them to check all of the provided labels which applied to them, as well as offering an optional fill-in-the-

blank field. The options we provided were: a) American Indian or Alaska Native, b) Asian, c) Black or 

African American, d) Hispanic, Latino, or Spanish, e) Middle Eastern or North African, f) Native Hawaiian 

or other Pacific Islander, g) White, h) Prefer not to respond, and i) Prefer to self-identify. We elaborate on 

our approach to the construction of racial categories in the next section. 

Our survey questions about perceived competition, sense of control, and sense of belonging were 

adapted from previously published and/or widely used instruments (Arnold et al., 2009; Stornes and Bru, 

2011; Canning et al., 2020; Perry et al., 2001; PERTs, n.d.). Students responded to questions on a 6-point 

Likert scale from strongly disagree to strongly agree (with no neutral option in the middle). There were 8 

questions each about perceived competition and sense of control and 4 questions about sense of 

belonging. A full list of the questions and the response distributions can be found in the supplement (Table 

S1, Fig. S1).  

The questions about perceived competition focused on instructor and student behavior and 

highlight comparisons in the classroom. We adapted two of our questions from Canning et al. (2020), one 

question from Stornes and Bru (2011), four questions from Arnold et al. (2009) (these questions were 

written to be administered in a workplace, but we reworded them slightly for the application in 

classrooms), and we wrote one of our own (“The grading in this class is competitive”). Examples of 

questions include: “The professor seems to pit students against each other in a competitive manner in 

this class” and “Students in this class frequently compare their performance to each other.” 

While sense of belonging can be conceptualized in a variety of ways, our questions focused on 

social belonging. We used a previously established scale of social belonging in higher education (PERTs, 

n.d.), which is fairly broad and open to students’ interpretation, with statements such as “I feel accepted in 

this class” and “I feel I belong in this class.”  
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Our questions for sense of control focused on whether students perceived their performance to 

be a result of their efforts. Our questions came from Perry et al.’s (2001) perceived academic control 

scale. Examples of questions include: “The more effort I put into this class, the better I do,” “I have a great 

deal of control over my academic performance in this class,” and “No matter what I do, I can't seem to do 

well in this course” (reverse-coded). 

Data exploration and preparation 

Creating analytic categories for racial identity is nontrivial, as race is socially constructed, and 

using either too few or too many categories can be counterproductive to equity research (Zuberi, 2001; 

Gillborn et al., 2018). Using too few categories – for example, just two groups: “racially minoritized 

students” and “racially majoritized students” – can obscure important inequities by homogenizing very 

different racial experiences which may lead to different outcomes. Using too many categories can also be 

counterproductive when small group sample sizes mean that researchers lack the statistical power to 

identify inequities. It was important to us that we honored students’ identities in our analyses. We also 

balanced this with sample size requirements of structural equation models. We wanted to represent 

distinct categories for Asian, Black, Hispanic, and White students. Beyond that, we wanted to represent 

additional identities where sample size permitted. Structural equation models require large sample sizes, 

and in the case of multi-group structural equation models, Wang and Wang (2019) recommend that each 

group have a sample size above 200, so this was our cutoff. With the QuantCrit literature in mind, we note 

that our decisions are subjective and imperfect, and our approach carries implications for the 

interpretation of our findings. 

After examining our data, we created six categories for race: Asian, Black, Hispanic, White, non-

PEER (PEER = persons excluded because of ethnicity and race (Asai, 2020); since Asian and White 

categories already exist, non-PEER here means only multiracial students who identify as Asian and 

White), and PEER (multiracial students who are not solely Asian and White, or students with a racial 

identity not captured in another category, such as “Middle Eastern or North African” (n=125), “American 

Indian or Alaska Native” (n=27), or “Native Hawaiian or other Pacific Islander” (n=13)). The categories we 

chose and the labels we applied to them were not perfect, and they often lump together a wide range of 

racialized experiences. For example, within the category of “Asian” there are many ethnicities with their 
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own specific histories, cultures, and experiences (Poon et al., 2016). “Asian” here encompasses both 

international students and Asian American students, who may have vastly different college experiences. 

Additionally, our “PEER” category lumps together multiracial students and monoracial students whose 

minoritized racial identities were very rare in our dataset. For students who selected a fill-in-the-blank 

option in addition to or instead of the options provided by our survey, we manually examined and 

categorized their responses. Our sample sizes of respondents in each analytic category can be viewed in 

the first column of Table 1.  

We examined the distributions of the responses to our survey questions on competition, 

belonging, and control. We saw floor effects for perceived competition (for many questions “strongly 

disagree” was the most common response), and milder ceiling effects for sense of belonging and sense 

of control, so we chose to treat the data as ordinal rather than to approximate it as continuous and 

normally distributed.  

To prepare our data for analysis, we 1) made the directionality of items within our constructs more 

uniform, 2) accounted for inter-classroom variation in grades, 3) examined data missingness, and 4) 

addressed sparse cells. Towards these ends, we executed the following procedures: 1) We flipped four 

reverse-coded Likert questions about control (we would later account for the method effect of reverse 

coding in our model). 2) We calculated the z-score of a student’s average exam grade within the context 

of that student’s classroom by subtracting the mean class score from that student’s score and dividing this 

difference by the standard deviation of scores in the class. Of note, we calculated the mean and standard 

deviation of exam scores from just our survey respondents, so they may not be entirely reflective of the 

whole class. We dropped 3 classes whose response rates were <20%, leaving 46 classes in our sample. 

3) Our data contained some rows with one or more missing responses. We employed listwise deletion for 

any missing responses, removing 13% of participants. The majority of these missing observations were 

because survey respondents were missing exam scores (a total of 11% of our survey respondents did not 

have an associated exam score). For the perceived competition, sense of belonging, and sense of control 

questions, rates of missingness were less than 3% for each item. We chose listwise deletion in these 

cases because imputing outcome variables (in our case, exam scores) may be inadvisable (von Hippel, 

2007) and because missingness due to our survey questions was minimal (Graham, 2009). After listwise 
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deletion, we had a sample of 6,463 students. 2% of our respondents did not share their racial identity 

(n=117); we included these students in our model that did not disaggregate by race and we omitted these 

students from the models which did include race. 4) There were several instances where specific 

responses to particular items were sparsely represented (less than 5 occurrences) in one or more racial 

categories. In these cases, and on an item-by-item basis, we collapsed this response with the adjacent 

response for all student surveys (regardless of race) to facilitate multi-group CFA (confirmatory factor 

analysis) and SEM (structural equation modeling) (DiStefano et al., 2021; details in Table S1, Fig. S1). 

For example, if only three Black students answered the second survey question on belonging with 

"Strongly disagree" (1), we would combine the “strongly disagree” category with the adjacent category – 

"somewhat disagree" (2) – for all students.  

Overview of the link between research questions and modeling methods 

Below is an overview of how we answered each of our research questions. More details on the 

methods can be found in later sections. All of the following analyses are performed in Mplus Version 9 

and code (though, to preserve participant confidentiality, not the data) are shared in our “Availability of 

data and materials” statement. The first author used a large language model (Claude by Anthropic) to 

help write code.  

RQ1. Does perceived competition affect students’ performance directly or only indirectly, mediated 

through sense of belonging and/or sense of control?  

1. Performed a single-group CFA to confirm the fit of the measurement model. 

2. Performed a single-group SEM to answer RQ1. 

RQ2. In what ways do the relationships between perceived competition, sense of belonging, sense of 

control, and performance vary for students with different racial identities? 

1. Performed a series of single- and multi- group CFAs to confirm scalar measurement invariance. 

2. Performed two multi-group SEMs, one where path coefficients were allowed to vary among racial 

groups, and one where they were constrained to be equal among racial groups. Compared these 

models to answer RQ2. 
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RQ3. Do students with different racial identities perceive different levels of competition, belonging, and 

control? 

1. Performed a multi-group scalar CFA with means. Set the population mean to be 0 for each latent 

variable and compared the mean for each racial identity to the population mean. 

Confirmatory factor analysis 

We used confirmatory factor analysis (CFA) to a) assess the fit of our perceived competition, 

sense of control, and sense of belonging model (in service of RQ1), b) assess measurement invariance of 

these constructs across racial categories (in service of RQ2 and RQ3), and c) assess the means of the 

constructs for racial categories (RQ3).  

Measurement model 

To assess the fit of our measurement model before performing a single-group SEM (not 

accounting for race), we used a three-factor CFA with the robust weighted least squares (WLSMV) 

estimator with the theta parameterization. We clustered by classroom (to account for the non-

independence of students within class) and used correlated residuals among the subset of control 

questions which were originally reverse-coded and among the competition questions which asked about 

student-driven (as opposed to instructor-driven) competition. We chose the WLSMV estimator because it 

seemed best to treat our Likert data as ordinal (4-6 categories after collapsing, with ceiling and floor 

effects present, see Table S1 and Fig. S1) and because WLSMV handles low to moderate sample sizes 

better than other estimators for ordinal data (Brown, 2015). 

To evaluate the overall fit of the measurement model (and all CFAs and SEMs in this paper), we 

used Hu and Bentler’s (1999) cutoffs: CFI > 0.95, SRMR < 0.08, and RMSEA < 0.06. We also examined 

the omega (ω) for each factor, calculated using standardized loadings, λᵢ: ω = (Σλᵢ)² / [(Σλᵢ)² + Σ(1-λᵢ²)], to 

assess the reliability of each of our constructs (note that this represents the reliability of the underlying 

latent variable, Flora 2020; Green and Yang, 2009). We used a cutoff of ω > 0.70 to indicate good factor 

reliability (Kalkbrenner, 2024). Fit was good (CFI = 0.969, RMSEA = 0.037, SRMR = 0.050; ω = 0.92, 

0.96, and 0.88 for perceived competition, sense belonging, and sense control, respectively; see Table S2 

for loadings).  
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Measurement invariance  

To address RQ2 and RQ3, we first had to establish measurement invariance between students 

with different racial identities (Rocabado et al., 2020; Vandenberg and Lance, 2000). To assess 

measurement invariance, we specified our model similarly to before, but we used a multi-group CFA. We 

compared the configural model (in which the same items load onto the same constructs) directly to the 

scalar model (additionally loadings, intercepts, and thresholds are constrained), as is the default 

approach to ordinal data with the WLSMV estimator (Muthén and Asparouhov, 2002). Before testing for 

configural invariance, we did single-group CFAs with each subpopulation (i.e., racial identity) to ensure 

adequate fit.  

We achieved scalar invariance. To evaluate the fit of the single-group CFAs for each racial 

identity and of the configural model, we used Hu and Bentler’s (1999) cutoffs. For comparison of 

configural and scalar invariance (in service of RQ2 and RQ3), we used the cutoffs used in Rutkowski and 

Svetina, 2017: ΔRMSEA ≤ 0.01 in conjunction with significant Δχ2 and ΔCFI ≥-0.004 (see Svetina et al., 

2019 for overview of various cutoffs). For our single-group CFAs, all single-group models had good fit 

except that the fit for Asian students did not quite clear the RMSEA cutoff (RMSEA = 0.063, Table 1), but 

in light of the other fit indices we deemed this marginal fit to be acceptable and we proceeded to test 

configural invariance. The configural invariance model had acceptable CFI, RMSEA, and SRMR, so we 

deemed this fit to be suitable to continue to test scalar invariance. Scalar invariance is supported under 

Rutkowski and Svetina’s (2017) cutoffs, since the CFI and RMSEA did not worsen at all, and, in fact, 

improved moderately (Table 1). (The Δχ2 test would have us reject the scalar model, but it is overly 

sensitive to large sample sizes (Bentler & Bonett, 1980).) Loadings of various models can be seen in 

Table S2. 
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Table 1. Testing for measurement invariance. Rows 1-6 report the fits of each subpopulation individually, 

row 7 shows the configural multi-group confirmatory factor analysis (MG-CFA), and row 8 shows the 

scalar model (skipping the metric model, as is common when working with the WLSMV estimator). Due to 

the effect of large sample sizes on Δχ2, we use changes in alternative fit indices to test for scalar 

invariance. 

 Sample size CFI RMSEA SRMR Δχ2 

Asian 1469 0.961 0.062 0.058 - 

Black 259 0.985 0.042 0.057 - 

Hispanic 660 0.986 0.050 0.059 - 

Non-PEER 251 0.992 0.039 0.052 - 

PEER 875 0.979 0.054 0.056 - 

White 2832 0.977 0.041 0.048 - 

Configural MG-CFA 6346 0.979 0.051 0.054 - 

Scalar MG-CFA 6346 0.982 0.040 0.054 Δχ2 = 449.745, DoF = 
370, p = 0.0028 

Since we achieved scalar invariance, we were able meaningfully compare means between 

groups (Rocabado et al., 2020). Any difference between the overall mean and the mean for a specific 

racial identity was likely to be because of differences in experiences students have in class, rather than 

differences in the way the scale was working for students with different racial identities. Using a two-sided 

Wald test, we compared latent means for each construct to the overall mean for all respondents. This 

allowed us to test whether students of different racial identities experienced different levels of competition, 

belonging, and control (RQ3). To report standardized effect sizes, we constrained the overall mean of the 

population to be 0 and we calculated a modified Cohen’s (1988) d: d=(μ_race - μ_overall) / σ_pooled, 

where σ_pooled accounts for within-group variation of all racial identities included in the analysis.  

Structural equation modeling 

We fit structural equation models to a) characterize the strength and explanatory power of the 

hypothesized relationships between perceived competition, sense of belonging, sense of control, and 
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exam z-score (RQ1) and b) compare the paths between these variables for students with different racial 

identities (RQ2).  

As we did when fitting CFAs, we first fit a single-group model (not considering students’ racial 

identities) using clustering by class and the WLSMV estimator. Our structural model included the effects 

of perceived competition on sense of belonging, sense of control and performance and the effects of 

sense of belonging and sense of control on performance, allowing us to measure the direct effect of 

perceived competition on performance, as well as the indirect effect through our two potential mediators 

(sense of control and sense of belonging). We allowed sense of control and sense of belonging to be 

correlated with one another. (See Fig. 1 for a visual representation of the effects we modeled.) We used 

the z-score of students’ average exam grade, henceforth “exam z-score,” as the performance outcome of 

interest. We report the standardized path coefficients, so that the effect is stated in terms of standard 

deviations (SD) of the dependent variable per SD of the independent variable. 

To test whether path coefficients vary among students with different racial identities, we then fit 

two multi-group SEMs using our established scalar measurement model: one model constrained all path 

coefficients to be equal among racial groups, while the other did not constrain any of the path coefficients. 

We compared our constrained and unconstrained model with a Δχ2 test to determine whether 

constraining the path coefficients significantly worsened the model fit (Kline, 2015). If the model can be 

constrained without reducing model fit, this suggests that the relationships between perceived 

competition, sense of belonging, sense of control, and exam z-score do not vary significantly for students 

with different racial identities. In the case of our multi-group SEMs, we report the raw coefficients since 

standardization in Mplus occurs at the group level, so it does not use the same scale for students with 

different racial identities. 

Results 

RQ1. Does perceived competition affect students’ performance directly or only indirectly, mediated 

through sense of belonging and/or sense of control? 

We ran a single-group SEM with all students, which had a similar fit to our single-group 

measurement model (CFI=0.966, RMSEA=0.037, SRMR=0.051). Overall, our model explained 9.1% of 
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the variation in exam z-score, 14.7% of the variation in sense of belonging, and 28.1% of the variation in 

sense of control (Table 2).  

[Table 2 should be inserted here] 

We found that perceived competition significantly and substantially decreased sense of belonging 

and sense of control (Fig. 1, Table 2). Sense of control significantly increased exam z-score, and the 

indirect path from perceived competition to exam z-score via sense of control was significant, with a 

standardized coefficient of -0.169, meaning that a 1-standard deviation (SD) increase in perceived 

competition is correlated with a 0.169-SD decrease in exam z-score (Table 2, unstandardized β=-0.090, 

p<0.001). This indirect effect represents the decrement to exam z-score that is explained by perceived 

competition’s negative effect on sense of control and its coefficient is the product of the two components 

that make up the indirect effect (-0.531*0.318=-0.169, Fig. 1). Meanwhile, the negative effect of perceived 

competition on sense of belonging was strong and significant (standardized β=-0.383, p<0.001), but the 

association between sense of belonging and exam z-score was near zero (standardized β=0.007, p= 

0.748), leading to a negligible indirect effect of perceived competition on exam z-score via sense of 

belonging. Notably, sense of control and sense of belonging were significantly correlated with each other 

(r=0.523, β=1.414, p<0.001), meaning that 27% (0.5232) of the variation in one latent variable can be 

explained by the variation in the other. Also, the direct effect of perceived competition on exam z-score 

was positive, though not significant (standardized β=0.045, p=0.176, Fig. 1, Table 2). The total 

standardized effect of perceived competition on exam z-score (through all mediators and the direct path) 

was significant, though relatively small, at -0.127 (β=-0.066, p<0.001). To validate our estimates of 

indirect effects, we fit the same model using bootstrapping and obtained similar confidence intervals 

(Table S4; Shrout and Bolger, 2002). We also ran single-group SEMs with only Biology classes (25 

classes and 3,941 students) and without the collapsing of response categories necessary for multi-group 

SEMs and the results remain qualitatively similar (see the quantitative results in Fig. S3-S4). 
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Fig. 1. Non-disaggregated SEM results. The relationships between our variables of interest with 

coefficients standardized by y and x. For example, a 1-SD increase in sense of control leads to a 0.318-

SD increase in exam z-score. Solid lines represent statistically significant relationships (p<0.05), while 

dashed lines are not statistically significant. R2 values for endogenous variables are reported. 

RQ2. In what ways do the relationships between perceived competition, sense of belonging, sense of 

control, and performance vary for students with different racial identities? 

Using our scalar model as the measurement model, we fit two multi-group SEMs with the same 

paths included as in our single-group SEM (RQ1). The first model did not constrain any path coefficients 

and the second model constrained all path coefficients to be equal among the racial groups. We used a 

Δχ2 test to compare the two models, and there was no significant difference (Δχ2=22.822, DoF=25, 

p=0.5880), indicating that constraining the paths did not worsen the overall fit. We present both models 

(Table 2). Unsurprisingly, our constrained model was very similar to our single-group SEM (RQ1). One 

important difference, however, is that the positive direct effect from perceived competition to exam z-score 

was significant (though approximately the same magnitude as the direct effect of perceived competition 

on exam z-score in the single-group SEM).  

Moving from an unconstrained to a constrained multi-group SEM did not substantially change our 

explanatory power (i.e., R2) for most racial groups, with the exception of our two smallest groups: for 

Black students (n=259), we saw a nearly two-fold drop in R2 from 0.118 to 0.066, and for Non-PEER 
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students (n=251), we saw a modest increase in R2 from 0.106 to 0.121. It is difficult to know if this 

demonstrates instability of findings due to small sample sizes, or if constraining the paths to be equal is 

not suitable for all racial groups despite the non-significant Δχ2 test.  

Regardless of choice of model (constrained or unconstrained), we found that in all groups there 

was a negative total association of perceived competition with exam z-score, driven by the mediator of 

sense of control. We also found a consistent negative relationship between perceived competition and 

sense of belonging, although sense of belonging generally did not significantly impact exam z-score. In 

the unconstrained model, we did observe some differences between students with different racial 

identities in magnitude and significance of some effects. For example, for Black students, the total 

negative effect of perceived competition on performance was not statistically significant, although the 

magnitude of the total negative effect was comparatively large (unstandardized β=-0.084, p=0.064). Also, 

Hispanic students experienced a significant positive indirect effect of perceived competition on exam z-

score via sense of belonging (unstandardized β=0.015, p=0.016), counterintuitively suggesting that a 

decreased sense of belonging is beneficial to performance. We are skeptical of this result and note that, 

while statistically significant, it is much smaller in magnitude than the negative indirect effect via sense of 

control. In the unconstrained model there was generally a small positive but nonsignificant direct effect of 

perceived competition on exam z-score, though the magnitude of the effect ranged from -0.004 to 0.034 

for students with different racial identities. Moving to the constrained model, this positive direct effect 

became significant. The coefficients of our constrained model were very similar to the single-group SEM 

(Table 2).  

In this section, we have presented the constrained and unconstrained multi-group models. 

However, since the constrained model is supported and is quite similar to the single-group model from 

RQ1, we conclude that the relationships between our variables of interest do not vary significantly for 

students of different racial identities. Thus, when drawing conclusions from our study, we focus on the 

single-group model in which students’ racial identity was not explicitly included. 
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RQ3. Do students with different racial identities perceive different levels of competition, belonging, and 

control? 

Racial identity did not appear to explain a lot of variation in perceived competition, sense of 

belonging, and sense of control. In most cases, the means for the various student racial identities hover 

around the overall population mean (Fig. 2). That said, compared to the overall mean, Black students 

reported significantly less belonging (d=-0.225, p=0.012), while Asian students reported significantly more 

competition (d=0.218, p=0.028) and significantly less control (d=-0.165, p=0.007) (Fig. 2, Table S3). 

Interestingly, though not statistically significantly, Black students reported a lower sense of control than 

average (d=-0.151, p=0.066).  

 

Fig. 2. Latent variable estimates by racial identity. Levels of the latent variables – perceived competition, 

sense of belonging, and sense of control – for students with different racial identities generally do not 

significantly differ from the overall mean. Dots show the means of the latent variables for students of each 

racial identity when the mean of the entire student population is constrained to be 0. Negative values 
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(dots below the dotted line) indicate a lower mean than the overall population and positive values indicate 

a higher mean. Error bars represent standard errors, and the asterisk denotes a statistically significant 

difference from the overall mean (p<0.05). Standardized effect sizes are calculated: d=(μ_race - 

μ_overall) / σ_pooled. 

Discussion 

Summary 

We sought to answer three research questions related to competition in introductory 

undergraduate STEM classes:  

RQ1. Does perceived competition affect students’ performance directly or only indirectly, mediated 

through sense of belonging and/or sense of control? 

RQ2. In what ways do the relationships between perceived competition, sense of belonging, sense of 

control, and performance vary for students with different racial identities? 

RQ3. Do students with different racial identities perceive different levels of competition, belonging, and 

control? 

We found that the largest impact by far of perceived competition on performance was the indirect 

effect via sense of control (Fig. 1, Table 2). Specifically, perceived competition reduced sense of control, 

which in turn reduced exam z-score. We did not find that the relationships between perceived 

competition, sense of belonging, sense of control, and exam z-score varied by racial identity. We found 

significant inequities among students with different racial identities in experiences of competition, control, 

and belonging (Fig. 2, Table S3). Specifically, Black students reported a lower sense of belonging than the 

overall mean of all students, and Asian students reported a higher level of perceived competition and a 

lower sense of control than the overall mean. In sum, regardless of race, competition erodes students’ 

sense of belonging and the negative effect of competition on student performance is mediated through 

sense of control.  

RQ1. Perceived competition affects students’ performance indirectly, mediated through sense of control. 

We found that the only statistically significant effect of perceived competition on exam z-score 

was an indirect effect through sense of control (Fig. 1, Table 2). This finding is supported by past 

theoretical and empirical research on sense of control and motivation (Pekrun, 2006; Frenzel et al., 2007; 

Choi et al., 2025; You et al., 2011; Stupnisky et al., 2007; Respondek et al., 2017, Perry et al., 2001). 
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Specifically, Pekrun’s (2006) Control-Value Theory postulates that students’ sense of control in the 

classroom, as well as the level of value they place on learning the material, elicits emotional responses 

which can either help or hinder motivation. High levels of perceived control (and value) trigger beneficial 

emotions, while low levels trigger negative emotions, which reduce motivation, engagement, and, 

ultimately, academic performance (Pekrun, 2006; Frenzel et al., 2007). Perceived competition may take 

away students’ sense of control by making their success feel contingent on other students’ failure rather 

than just on their own efforts (Frenzel et al., 2007). Our results constitute another piece of evidence that 

competition in the classroom demotivates students by reducing their sense of control, ultimately harming 

student performance. Consequently, instructors may wish to reduce competition in their classrooms, and, 

when the reduction of competition is not possible, instructors can also mitigate some of the damage by 

restoring students’ sense of control.  

We did not find a significant indirect effect through the mediator of sense of belonging: perceived 

competition harmed sense of belonging, but there was not a significant association between sense of 

belonging and exam z-score. This is surprising and not in line with previous findings. For example, 

Canning et al. (2020) found that perceived competition reduced student performance via increased 

imposter feelings. Indeed, sense of belonging is generally theorized to be important for student success 

(Strayhorn, 2018). 

So why did we fail to find an effect of reduced sense of belonging on student outcomes, where 

other studies have? There are several possibilities. In our study, we used an established survey on social 

belonging (PERTs, n.d.); however, there are other ways of conceptualizing belonging that relate more 

directly to learning and performance. For example, on their 30-point math belonging scale, Good et al. 

(2008) have a “Trust” subscale of belongingness (i.e. “I trust that I do not have to constantly prove myself” 

and “Even when I do poorly, I trust my instructors to have faith in my potential.”). Students’ responses to 

questions such as these might have more proximal implications for performance, while our questions (i.e., 

“I feel accepted in this class”) may have more distal implications for performance. We also specifically 

used exam z-score as our measure of performance, but a lowered sense of belonging likely has negative 

effects on outcomes we did not measure. For example, Rainey et al. (2018) found that student 

persistence in STEM majors was negatively impacted by a low sense of belonging. Finally, unlike other 
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studies, we tested sense of belonging and sense of control within the same model. Since the two are 

substantially correlated (r=0.522, p<0.001), it is possible that, once sense of control is accounted for, the 

effect of sense of belonging on performance that others have found shrinks or disappears. 

The total effect of perceived competition on performance was significantly negative. Adding all the 

pathways (direct and indirect) together, we found that a 1-SD increase in perceived competition was 

associated with a -0.127 decrease in exam z-score (in other words, r = -0.127). Using the formula d = 

2r/(1-r2)1/2, this is equivalent to a Cohen’s d effect size of -0.26 (Rosenthal and DiMatteo, 2001). 

Comparing this to other effect sizes on college student’s performance from meta-analyses can help 

contextualize these numbers (Schneider and Preckel, 2017). In a meta-analysis, Richardson and 

colleagues (2012) looked at many correlates of students’ college GPA, including personality traits, 

motivational factors, self-regulatory learning strategies, students’ approaches to learning, and 

psychosocial contextual influences. Our effect size is similar to that of student stress levels (r=0.13, 95% 

CI = [-0.19, -0.06]), a little bit lower than that of meta-cognition (r=0.18, 95% CI= [0.10, 0.26]), and a little 

bit higher than that of social support (r=0.08, 95% CI = [0.03, 0.12]) (Richardson et al., 2012). Similarly, a 

meta-analysis of growth mindset interventions found an overall effect of d = 0.14 (95% CI = [0.06, .22]), 

but with significant heterogeneity by student subpopulation (Burnette et al., 2022). Finally, a meta-analysis 

of active learning in post-secondary STEM classes concluded that the positive effect of active learning on 

exams was nearly twice as large an effect size as the effect we found (g = 0.47, where Hedges’ g 

(Gurevitch and Hedges, 1999) was used to account for variation between studies in the meta-analysis, 

but it can be interpreted similarly to Cohen’s d; Freeman et al., 2014). Keeping in mind that our study was 

observational (while the latter two of these meta-analyses considered interventions, which are likely to 

result in slightly lower effects (Kraft, 2020)), our total effect size of perceived competition on exam z-score 

is modest and not negligible. 

In addition to finding a negative overall effect of perceived competition on performance, we found 

that perceived competition significantly harms both sense of control and sense of belonging, which is 

concerning in and of itself. The negative effect of perceived competition on sense of belonging can be 

intuitively explained: high levels of competition signal a culture where it is assumed that not everyone can 

succeed in STEM. Students, education scholars, and others with a vested interest in higher education 



93 
 

have a variety of terms and theories surrounding this culture – “weed-out culture” (Baldwin, 2009; Bok, 

2006; Weston et al., 2019), “fixed mindset” (Dweck, 2006), “culture of genius” (Bowman, 2023), an 

“agreement of scarcity” (Imad et al., 2023) – but most agree that it is harmful for students’ sense of 

belonging (Seymour and Hunter, 2019). Competition also harms sense of control, as we have detailed 

above. In short, competition is leading to negative experiences in the classroom. Many STEM instructors 

no doubt want their classes to foster a sense of belonging and increase students’ sense of agency, so 

these negative effects of competition may be especially concerning to them.  

RQ2. The relationships between perceived competition, sense of belonging, sense of control, and 

performance do not vary significantly among students with different racial identities. 

Since we found that constraining the multi-group SEM was supported, we draw our conclusions 

from the single-group SEM, where race was not accounted for (Table 2). Thus, in our sample, the effects 

of perceived competition on sense of belonging, sense of control, and exam z-score were the same for all 

students, regardless of their racial identity. This was unexpected, and there are several potential 

explanations for this finding. First, much of the background literature which inspired our hypothesis was 

not quantitative and did not make comparisons between students with different racial identities (McGee, 

2016; Tatapudy et al., 2025; Dost, 2024). Second, perhaps competition leads to racial inequities in 

dependent variables we did not measure. Our study found no disproportionate effects of perceived 

competition on sense of belonging, sense of control, or exam z-score, but it is possible that competition 

contributes to other racial inequities in the classroom. For example, Posselt and Lipson (2016) found that 

competition disproportionately harmed the mental health of Black and Latinx students. Finally, it may be 

that we did not find differences in the relationships between our variables due to unequal and/or low 

sample sizes for students with different racial identities or due to how we measured our latent variables. 

As QuantCrit reminds us, low sample sizes and the difficulty of achieving statistical significance 

are known issues when disaggregating by race (Gillborn et al., 2018). In particular, we had a somewhat 

small sample size of Black students (n=259, on the low end for an SEM), and a larger sample size might 

have helped us to more accurately characterize the relationships between perceived competition, sense 

of belonging, and sense of control for these students. For transparency and to allow for a fuller 

interpretation of our data, we share the fits of our unconstrained model (Table 2). While magnitudes of the 
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effect of perceived competition on sense of belonging, sense of control, and exam z-score vary somewhat 

between students with different racial identities in our unconstrained model, the finding that competition is 

harmful for students of all racial identities is clear and important. Our results are just one contribution, and 

given important caveats (see below), do not undermine past and future qualitative and quantitative 

studies of the impacts of competition on racially minoritized students.   

RQ3. A few racial inequities in perceived competition, sense of belonging, and sense of control were 

present. 

We detected inequities in levels of perceived competition, sense of belonging and sense of 

control (Fig. 2). We found that Black students experienced a lower sense of belonging in these 

introductory STEM classrooms than students on average (the overall mean). This seems to be unrelated 

to competition but is presumably related to the racism Black students experience in education, including, 

but not limited to, microaggressions, stereotypes, othering, lack of representation, and other forms of 

discrimination, all of which send the message that they do not belong (McGee and Martin, 2011; Harper, 

2015; Randolph, 2017; Dortch and Patel, 2017). We also found that Asian students perceived more 

competition and less control in the classroom than the overall mean. This may be related to the pressures 

of being treated as a “model minority” (Museus and Park, 2015). When it comes to competition, Asian 

students could be viewed by other students as “the one to beat,” and indeed being treated as a “model 

minority” often entails being treated as a competitor or threat to the in-group (Fiske et al., 2002). 

Regarding sense of control, when instructors, peers, or others believe that STEM classes should 

automatically be “easy” for Asian students, these students may feel unable to meet these expectations 

(McGee et al., 2017). For Hispanic students, we did not find inequities in perceived competition, sense of 

control, and/or sense of belonging, and this might be because a sizable portion (~50%) of the Hispanic 

students in our sample were at Hispanic Serving Institutions (HSIs) (Murphy, 2023). Perhaps practices of 

HSIs and/or not being such a numerical minority in the classroom helped to address inequities in 

classroom experience that may be more prevalent for Hispanic students at PWIs (Cuellar, 2014). One 

nearly significant difference – lower sense of control among Black students – warrants further 

investigation. 
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Caveats and limitations 

Despite this study’s massive overall sample size, and our ability to disaggregate our data to six 

racial identity groups, we still remain limited by low sample sizes for students with some minoritized racial 

identities (Table 2). Given the sample size recommendations for SEMs (Kline, 2023; Pendergast et al., 

2017, Wang and Wang, 2019), we had acceptable but low sample sizes for groups of students with some 

racial identities (Black and non-PEER students, n≈250). Additionally, the differences in sample sizes for 

different groups (approximately 10-fold from smallest to largest group sample size) may make it difficult to 

detect non-invariance or differences in path coefficients (Chen, 2007; Yoon and Lai, 2018). Our low 

sample sizes reflect the ongoing history of oppression in the United States and the exclusionary nature of 

higher education (Patel, 2021).  

Furthermore, although our large dataset allowed us to represent racial identity beyond just a 

binary categorization of only “PEER” and “non-PEER,” we still were not able to fully honor every student’s 

identity. We did not have large enough sample sizes to separately represent Indigenous students, Middle 

Eastern students, Pacific Islander students, or the specific identities of mixed-race students. We also 

were not able to look at the intersections of race and gender (or race and first-generation status) 

because, under our current approach of multi-group SEMs, this would require us to split our groups 

further, resulting in even lower sample sizes.  

Our R2 values and effect sizes are also somewhat small (Table 2, top row), but this is not wholly 

surprising for a simple model in this field. For example, Canning et al. (2020) found similar (albeit a little 

bit smaller) effect sizes to ours when looking at the indirect effect of perceived competition (via imposter 

feelings) on course grades, course attendance, and course engagement. Additionally, considering that 

many factors are likely to inform exam z-score, sense of belonging, and sense of control, our modest R2 

values make sense, and still represent some explanatory power. Likewise, the effect size for the effect of 

perceived competition on exam z-score may be small according to Cohen’s (1988) cut-off of <0.3, but 

more recent reviews in education and psychology suggest that these cut-offs may be unrealistically high 

for this type of study (Kraft, 2020; Gignac and Sozodorai, 2016). Ultimately, our effect size is medium-to-

small – but certainly not negligible – by field-specific standards. Unlike the indirect effect of perceived 

competition on exam z-score, the associations between perceived competition and sense of control and 
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between perceived competition and sense of belonging both had sizable effect sizes even by Cohen’s 

standards. 

Additionally, our conclusions about competition come with some caveats. First, the students in 

our sample generally perceived a low level of competition (Table S1), and this may not be representative 

of all introductory STEM classrooms. Indeed, our classrooms were selected because they were active 

learning classrooms and because the instructors were interested in helping advance education research, 

and these selection effects may lead our sample to suggest a lower level of competition than is actually 

present in most introductory STEM classes. Also, the institutions in our study tend to be research-

intensive state schools and are all four-year colleges. Competition and its effects should also be studied 

in other contexts, such as two-year colleges. Second, our dataset was mostly Biology courses (25 out of 

the 46 total classes were biology), so conclusions may be more relevant to biology contexts and less 

applicable to other disciplines (i.e., computer science) which were not as well represented in this study. 

Exploring the effects of the discipline of the classroom, as well as the intended major of the student, could 

be an informative follow-up study. Third, our analysis also operates on the within-classroom level: 

although we cluster by class and look at a student’s average exam score relative to other students in the 

same class, a more complex model than ours could represent the student level and the classroom level 

separately (and even the institution level) and partition the variation between these levels, but this would 

require more data that was collected for this purpose.  

Recommendations for instructors 

The link between instructor practices and student perceptions of competition is no doubt real, but 

not entirely straightforward. The topic of this study is not classroom interventions; however, we do find 

that perceived competition in the classroom harms student performance (as well as their senses of control 

and belonging). Instructors may wish to mitigate this harm, so we briefly summarize interventions that 

have been studied in the past. Of note, perceptions of competition are subjective: two students in the 

same class might disagree on whether the class is competitive. Competition also is multi-faceted: it 

comes not just from instructor behavior but also peer behavior, institutional norms, and post-college 

realities such as medical school admissions and the job market. All this is to say that the responsibility to 
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reduce competition does not fall solely to instructors, but with knowledge of the multi-faceted nature of 

competition and its harmful effects, instructors can work to set a non-competitive tone in their classes. 

In light of the negative effects of competition on students’ performance and classroom 

experience, what can instructors do to reduce competition in their classrooms? Tatapudy et al. (in rev.) 

suggest key areas: messaging and course policies (including structure and assessment approach). One 

particularly fruitful message may be about growth mindset (Kroeper et al., 2022), wherein success is 

framed malleable and attained through hard work. Similarly, instructors can promote a mastery goal 

structure (Meece et al., 2006). Instructors can encourage their students to focus on improvement and 

effort rather than beating the average and can reward these behaviors with praise and credit. For 

example, flexibility for late submissions (Basu et al., 2024), grading for growth (Clark and Talbert, 2023), 

specifications gradings (Katzman et al. 2021), and avoiding norm-referenced grading (Hughes et al., 

2014) could all be useful in promoting a non-competitive environment. Second, in their course design, 

instructors can encourage collaboration through structured group work and other opportunities for 

students to learn from one another in class (Ghadirian et al., 2014; Johnson et al., 2014). This intentional 

group work may short circuit competitive behaviors by instead building social interdependence between 

students (Johnson and Johnson, 2008).  

Our findings suggest that restoring students’ sense of control could be another avenue to combat 

the negative effects of competition on performance. The literature has several suggestions for instructors 

to improve student sense of control (summarized nicely in Respondek et al., 2017), including normalizing 

setbacks as a part of learning and encouraging students to adopt a growth mindset (Perry et al., 1993; 

Ruthig et al., 2009), offering guidance about how to study the material and prepare for tests (Stupnisky et 

al., 2007; Ruthig et al., 2009), offering clear rubrics and syllabi (Stupnisky et al., 2008), and offering 

assessment and feedback early on in the course (Tinto, 2010). 

Conclusion 

Leveraging a large survey dataset, we characterized the relationships between perceived 

competition, sense of control, sense of belonging and performance in introductory STEM classrooms. We 

found that perceived competition is detrimental to students’ sense of belonging and sense of control. 

Interestingly, the negative impacts of perceived competition on course performance (measured by exam 
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z-score) occurred only via an indirect effect mediated by sense of control. When students find a class 

competitive, it can impede their learning and worsen their experience in the classroom. We found that 

these relationships are consistent for students of all racial identities. We hope these findings will motivate 

instructors to understand and combat competition in their classrooms. 
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Tables (that are too large for in-text) 

Table 2. SEM results. A table of coefficients, R2 values, and sample sizes from various SEMs. comp = 

competition, bel = belonging, ctrl = control. The first two rows are for a single-group model (SG-SEM) that 

includes all students and doesn’t take race into account. The next row contains the path coefficients for 

the constrained multi-group model. The final six rows are from an unconstrained multi-group SEM (MG-

SEM), where coefficients were allowed to vary among racial groups. All rows except the first one present 

raw, unstandardized coefficients to allow comparisons among racial identities. A second column for R2 

allows us to compare the R2 for each racial group under the unconstrained model and the constrained 

one. * indicates significance at alpha = 0.05. 
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Effects of competition on  

exam z-score 
Intermediate/other coefficients Fit and sample size 

Direct 
Indirect 

(bel) 

Indirect 

(ctrl) 
Total 

Comp  

on bel 

Comp  

on ctrl 

Bel  

on exam 

Ctrl  

on exam 

Bel  

with ctrl 

R2 R2 constrained 

N 

exam bel ctrl exam bel ctrl 

S
G

-S
E

M
 All (std.) 0.045 -0.003 -0.169* -0.127* -0.383* -0.531* 0.007 0.318* 0.523* 0.091 0.147  0.281 - 6463 

All 0.023 -0.001 -0.088* -0.066* -0.468* -0.410* 0.003 0.215* 1.414* 0.091 0.147  0.281 - 6463 

C
o
n

s
tr

a
in

e
d

 

M
G

-S
E

M
 

All 0.020* 0.002 -0.085* -0.063* -0.481* -0.362* -0.003 0.236* (Varies) 
Varies, see R2 

constrained columns 
- 6346 

U
n
c
o

n
s
tr

a
in

e
d
 M

G
-S

E
M

 

Asian -0.004 0.000 -0.081* -0.084* -0.491* -0.357* 0.000 0.226* 1.290* 0.091 0.171 0.314 0.080 0.159 0.318 1469 

Black 0.029 0.005 -0.118* -0.084 -0.468* -0.370* -0.010 0.320* 1.114* 0.118  0.155  0.332 0.066 0.153 0.323 259 

Hispanic 0.013 0.015* -0.084* -0.056* -0.397* -0.313* -0.038* 0.268* 1.897* 0.089  0.103 0.207 0.087 0.113 0.232 660 

Non-PEER 0.023 -0.010 -0.077* -0.064* -0.593* -0.399* 0.017 0.193* 1.658* 0.106  0.203  0.254 0.121 0.164 0.253 251 

PEER 0.034 0.010 -0.094* -0.050* -0.421* -0.377* -0.025 0.249* 1.394* 0.084  0.107  0.294 0.087 0.118 0.285 875 

White 0.030 -0.005 -0.084* -0.059* -0.473* -0.387* 0.011 0.217* 1.746* 0.123 0.128  0.246 0.124  0.128 0.241 2832 
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Supplement 

The University of Washington determined this study to be exempt from IRB review (University of 

Washington Study 00010826). For most institutions, we obtained approvals and permissions from either 

departmental, college, or university administrators, or Institutional Review Boards, following 

recommendation by the University of Washington Human Subjects Division. For the institutions for whom 

review was necessary, this study was considered exempt under the following study numbers: Eastern 

Michigan University UHSRC-FY21-22-139, Florida International University IRB-20-0370-AM01, New 

Mexico State University 2206001150, University of Minnesota STUDY00020526, University of South 

Florida Study003772, Washington University in St. Louis 202112131, and Eastern New Mexico University 

2324013.  

 

Table S1. Questions and response statistics from our survey regarding competition, belonging, and 

control. Means are based on the original data, before the collapsing of sparse cells. 

Question Wording Mean 
response 

Mode 
response 

Mode 
frequency 

Notes 

comp_1 The professor seems to pit students 

against each other in a competitive 

manner in this class. 

1.7 1 56% Collapsed 
4, 5 and 6 

comp_2 Students tend to be very competitive with 

each other in this class. 

2.3 1 35% Collapsed 
5 and 6 

comp_3 Students are encouraged to outperform 

others. 

2.1 1 40%  

comp_4 The professor frequently compares 

students to each other. 

1.5 1 66% Collapsed 
4, 5, and 6 

comp_5 The amount of recognition students get 

in this class depends on how their 

performance compares to other students. 

1.9 1 50% Collapsed 
5 and 6 

comp_6 Everybody is concerned with finishing at 

the top of the class. 

2.6 1 29% Collapsed 
5 and 6 

comp_7 Students in this class frequently compare 

their performance to each other. 

2.8 1 26%  

comp_8 The grading in this course is competitive. 2.8 1 27%  
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bel_1 I feel comfortable in this class. 4.8 5 44% Collapsed 
1 and 2 

bel_2 I feel accepted in this class. 4.9 5 48% Collapsed 
1,2 and 3 

bel_3 I feel like I can be myself in this class. 4.8 5 44% Collapsed 
1 and 2 

bel_4 I feel like I belong in this class. 4.7 5 41% Collapsed 
1 and 2 

ctrl_1 I have a great deal of control over my 

academic performance in this class. 

4.7 5 41% Collapsed 
1 and 2 

ctrl_2 The more effort I put into this class, the 

better I do. 

5.0 6 38% Collapsed 
1 and 2 

ctrl_3 No matter what I do, I can't seem to do 

well in this course.* 

4.1 5 29%  

ctrl_4 I see myself as largely responsible for my 

performance in this course. 

4.9 5 45% Collapsed 
1, 2, and 3 

ctrl_5 How well I do in this course is often the 

"luck of the draw".* 

4.5 5 34% Collapsed 
1 and 2 

ctrl_6 There is little I can do about my 

performance in this course.* 

4.8 5 39% Collapsed 
1, 2, and 3 

ctrl_7 When I do poorly on an assignment or 

assessment in this course, it's usually 

because I haven't given it my best effort. 

4.1 5 32%  

ctrl_8 My grades are basically determined by 

things beyond my control and there is 

little I can do to change that.* 

4.7 5 35% Collapsed 
1 and 2 

 

*Negatively coded, but we reversed the responses (7 - original response) 
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Fig. S1. Survey responses. Distribution of responses (after collapsing sparse cells) to each survey 

question disaggregated by students’ racial identities. 

 

 

 

 

 

Table S2. Loadings of CFA models. Loadings of CFAs using the WLSMV estimator. All (SG-CFA) 

indicates the measurement model for all students, not disaggregated by race. The following six columns 

are the loadings for each racial group within a single model of configural invariance. The final column 

represents the loadings constrained to be equal among groups in the scalar model. comp_1 = competition 

item 1, bel =  belonging, ctrl = control. Correlated residuals are not constrained to be equal among racial 

categories in the scalar model.  
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 All (SG-
CFA) 

All (SG-
CFA, std.) 

Asian 
(config) 

Black 
(config) 

Hispanic 
(config) 

Non-PEER 
(config) 

PEER 
(config) 

White 
(config) 

All 
(scalar) 

comp_1 1.000 0.887 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

comp_2 0.627 0.769 0.688 0.621 0.872 0.873 0.570 0.656 0.682 

comp_3 0.894 0.864 0.884 1.102 0.998 1.120 0.990 1.029 0.896 

comp_4 0.945 0.875 0.786 0.825 1.171 0.997 1.135 0.983 0.789 

comp_5 0.689 0.797 0.648 0.634 0.753 0.804 0.742 0.731 0.643 

comp_6 0.419 0.626 0.485 0.466 0.541 0.433 0.501 0.400 0.469 

comp_7 0.395 0.604 0.398 0.436 0.521 0.424 0.477 0.422 0.396 

comp_8 0.550 0.726 0.601 0.655 0.599 0.713 0.669 0.604 0.596 

bel_1 1.000 0.919 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

bel_2 1.193 0.941 1.194 1.440 1.523 1.389 1.305 1.161 1.182 

bel_3 0.978 0.915 1.060 1.356 1.522 1.321 1.181 0.922 1.057 

bel_4 0.899 0.902 0.967 0.962 0.867 1.005 1.019 0.892 0.970 

ctrl_1 1.000 0.829 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

ctrl_2 0.884 0.795 0.984 1.216 1.198 0.783 0.885 0.881 0.994 

ctrl_3 0.629 0.682 0.794 0.664 0.515 0.791 0.559 0.652 0.767 

ctrl_4 0.629 0.661 0.559 0.763 0.539 0.554 0.730 0.635 0.561 

ctrl_5 0.600 0.665 0.637 0.489 0.508 0.707 0.506 0.646 0.613 

ctrl_6 0.767 0.751 0.879 0.794 0.683 0.760 0.667 0.811 0.835 

ctrl_7 0.388 0.499 0.387 0.519 0.377 0.434 0.392 0.422 0.417 

ctrl_8 0.647 0.692 0.684 0.637 0.594 0.613 0.556 0.719 0.629 

ctrl_3 w/ ctrl_5  0.394 0.394 0.390 0.460 0.439 0.057 0.481 0.363 Varies 

ctrl_3 w/ ctrl_6 0.370 0.370 0.300 0.440 0.436 0.222 0.394 0.362 - 

ctrl_3 w/ ctrl_8 0.276 0.276 0.285 0.229 0.348 -0.055 0.350 0.231 - 

ctrl_5 w/ ctrl_6  0.561 0.561 0.541 0.604 0.655 0.388 0.603 0.544 - 

ctrl_5 w/ ctrl_8  0.479 0.479 0.492 0.525 0.462 0.190 0.549 0.444 - 

ctrl_6 w/ ctrl_8  0.490 0.490 0.532 0.443 0.487 0.362 0.534 0.445 - 

comp_2 w/ comp_6  0.327 0.327 0.257 0.254 0.277 0.243 0.305 0.332 - 

comp_2 w/ comp_7  0.362 0.362 0.379 0.245 0.295 0.309 0.413 0.314 - 
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Table S3. Comparison of latent means to grand mean. A three-factor scalar CFA produced latent means 

for competition, belonging, and control. These unstandardized latent means (different from in Fig. 2) are 

compared to the grand mean (i.e., the weighted mean of all these groups or the mean of all students in 

the dataset), so a negative value means that the group mean is below the grand mean. In parentheses 

are the values standardized by the overall standard deviation of the entire sample (also different from in 

Fig. 2). * indicates significance at alpha = 0.05. 

 Asian Black Hispanic Non-PEER PEER White 

Mean competition 0.437* 
(0.229) 

-0.129 
(-0.067) 

-0.100 
(-0.052) 

0.110 
(0.058) 

-0.170 
(-0.089) 

-0.163 
(-0.085) 

Mean belonging -0.164 
(-0.076) 

-0.577* 
(-0.267) 

0.171 
(0.079) 

-0.072 
(0.033) 

0.081 
(0.038) 

0.086 
(0.040) 

Mean control -0.240* 
(-0.192) 

-0.220 
(-0.176) 

0.033 
(0.026) 

0.228 
(0.182) 

0.054 
(0.043) 

0.109 
(0.087) 

 

 

Table S4. Indirect effect 95% CI sensitivity analysis. Indirect effects in our main model (Model 1) were 

calculated using the delta method: c=a*b. However, although a and b are normally distributed, the product 

of a and b may not be normal, thus the standard errors and p value may not be accurate. We did a 

sensitivity analysis by using bootstrapped confidence intervals (1000 iterations) for the standardized 

indirect effects (Model 3). However, we could not bootstrap while using clustering, so we compared to a 

no cluster + delta model (Model 2). These three models are generally in agreement. Model 2 and Model 3 

are especially in agreement, indicating that bootstrapping led to similar results to the delta method in this 

case. 

Model Indirect via Belonging 
Indirect via  

Control 
Total Indirect 

Model 1: Clustered + Delta [-0.019, 0.014] [-0.206, -0.132] [-0.204, -0.139] 

Model 2: No Cluster + Delta [-0.006, 0.019] [-0.207, -0.167] [-0.197, -0.165] 

Model 3: No Cluster + Bootstrap [-0.006, 0.021] [-0.211, -0.163] [-0.199, -0.163] 

 

comp_6 w/ comp_7  0.572 0.572 0.597 0.610 0.550 0.535 0.522 0.555 - 

comp w/ bel -1.712 -0.384 -1.981 -1.402 -1.053 -1.436 -1.135 -1.544 - 

comp w/ ctrl -1.514 -0.533 -1.455 -1.294 -1.065 -1.244 -1.346 -1.402 - 

bel w/ ctrl 2.118 0.614 1.985 1.215 2.096 2.497 1.659 2.249 - 
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Fig. S2. Non-disaggregated SEM results (Biology classes only). Like Fig. 1 in the main text but the SEM 

was only on biology classes. 
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Fig. S3. Survey responses. Like Fig. 1 in the main text but no response categories were collapsed. 

 


