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A major challenge in ecology is disentangling interactions of non-native, potentially invasive species on native species. Conditional two-species occupancy models examine the effects of dominant species (e.g., non-native) on subordinate species (e.g., native) while considering the possibility that occupancy of one species may affect occupancy and/ or detection of the other. Although conditional two-species models are useful for evaluating the influence of one species on presence of another, it is possible that species interactions are density dependent. Therefore, we developed a novel two-species occupancy model that incorporates multiple abundance states (i.e., absent, present, abundant) of the native species. We showcase the utility of this model with a case study that incorporates random effects and covariates on both occupancy and detection to help disentangle species interactions given varying occupancy and detection in different abundance states. We use snorkel survey data from the Umpqua basin, Oregon, where it is hypothesized that smallmouth bass Micropterus dolomieu, a non-native piscivore, exclude Umpqua chub Oregonichthys kalawatseti, a small endemic minnow. From our two-species multi-state (2SMS) model, we concluded that average occupancy was low for both fishes, and that when non-native bass were present, overall native chub occupancy in the present (0.18 ± 0.05 SD) and abundant (0.19 ± 0.03) states was higher than when non-natives were absent (0.14 ± 0.02/ 0.08 ± 0.02), indicating the non-native was not excluding the native species. By incorporating a species interaction factor, we found a positive association (6.75 ± 5.54 SD) between native chub and non-native bass. The covariates strongly related to occupancy were elevation, algae, and land cover type (urban and shrub). Detection probability for both species (0.21–0.82) was most strongly related to the covariates day of year, water temperature, gravel substrate, and stream order/ magnitude. Incorporation of detection probability and covariates enabled interpretation of interactions between the two species that may have been missed without their inclusion in the modeling process. Our new 2SMS occupancy model can be used by scientists and managers with a broad range of survey and covariate data to disentangle species interactions problems to help them inform management decisions.

KEYWORDS
 covariates, non-native species, smallmouth bass, snorkel surveys, two-species multi-state occupancy model, Umpqua chub


Introduction

Non-native species are particularly adept at exploiting their new ranges and can have profound negative effects on native species that have not adapted to the new pressure (Sanderson et al., 2009). Non-native species have created major problems in many systems making conservation difficult (Sanderson et al., 2009). Billions of dollars are spent on attempts to eradicate non-native species, yet it is often unknown how substantial the effects of the introduced species are on their new system (Sanderson et al., 2009). A major challenge in ecology is thus disentangling interactions of non-native, potentially invasive species, on sensitive native species to ensure management actions targeted at non-natives are warranted.

Conditional two-species occupancy models were developed to examine the effects of dominant species on subordinate species (Richmond et al., 2010) because a species occupancy is often influenced by the presence or absence of interacting species. For example, habitat selection by prey species can be influenced by the presence of predators (Coleman and Hill, 2014), competitive exclusion may prevent inferior competitors from occupying habitat (Wang et al., 2015), or habitat use can be facilitated by the presence of another species (Veblen, 2012). Failure to account for interspecific interactions may lead to biased inference (Rota et al., 2016) and bad management decisions. When examining two species interactions, it is also worth knowing whether occupancy of a dominant species (e.g., non-native) affects the detection probability of the subordinate (e.g., if native species are harder to detect in the presence of a predator; Rota et al., 2016; Weber and Brown, 2019). Correcting for imperfect detection bias is accomplished using repeated surveys (Nichols et al., 2007).

Occupancy of a native species can also be density dependent, where the native and non-native can co-exist at low abundance of the native but at high abundances of the native, the native species is negatively affected, for example if non-native predators are more effective when a native prey population increases (Ingeman, 2016) or competition limits resources (Hasegawa and Nakashima, 2018). Multi-state occupancy models are extensions of occupancy models that incorporate multiple states (e.g., absent, present, abundant; MacKenzie et al., 2009). Current methods for assessing both multiple states and species vary from assessing species independently (e.g., Gould et al., 2019), assessing states separately (e.g., Crockett et al., 2021), or examining multi-species interactions by using the species occurrences as states, e.g., unoccupied by both species A and B, occupied by A only, occupied by B only, or occupied by both species A and B (Rogosch and Olden, 2021). The desired approach may instead be to allow the two species interactions to vary by abundance states in the same conditional model. We are unaware of such a model in the literature; thus, we introduce a two-species multi-state occupancy (2SMS) model that incorporates random effects, detection probability, and covariates. The ability to successfully incorporate habitat covariates is necessary when examining potential negative species interactions because habitat is a major factor determining individual species distributions and could generate co-occurrence patterns that may incorrectly be interpreted as a product of interspecific competitive exclusion (Morrison et al., 2006; Richmond et al., 2010).

Here, we showcase the 2SMS occupancy model using a case study from the Umpqua basin, Oregon where survey data were collected on a non-native piscivore and its potential prey. Smallmouth bass (Micropterus dolomieu) are a non-native species known to reduce abundance, alter habitat use, and extirpate small prey fishes (MacRae and Jackson, 2001). Smallmouth bass are known to feed with increased efficiency in warmer water on a variety of taxa including insects, crayfish, and small fish (Schultz et al., 2017; Franklin et al., 2018). Smallmouth bass are a hypothesized novel predator of Umpqua chub (Oregonichthys kalawatseti), a small warm water minnow endemic to the Umpqua basin (Simon and Markle, 1999) that became a state and federal sensitive species (U.S. Fish and Wildlife Service [USFWS], 2020; Oregon Department of Fish and Wildlife [ODFW], 2021). Smallmouth bass were first introduced into the South Umpqua River in the early 1970s and by the late 1970s had expanded into the mainstem Umpqua River (Simon and Markle, 1999). Concurrently, survey counts of Umpqua chub seemed to decline (Simon and Markle, 1999), while anthropogenic land use increased in the Umpqua basin with greater urbanization and agriculture especially in lower elevations (Geyer, 2003).

Comparisons of survey data between 1987 and 1998 resulted in the hypothesis that the expansion of non-native smallmouth bass throughout the Umpqua basin may be negatively affecting Umpqua chub populations (Simon and Markle, 1999) and that this novel predator was restricting Umpqua chub to lower order, higher elevation tributaries (Simon and Markle, 1999). However, the historical fish surveys of the time had sampling designs that did not account for imperfect detection. Multiple sampling techniques (e.g., seines, minnow traps, electrofishing, and snorkeling) were used without repeated sampling designs that could have resulted in biased conclusions (Peterson and Paukert, 2009). Standardized survey methodology was recently implemented with a repeated sampling design that allows for incorporating imperfect detection bias into the analysis (Peterson and Paukert, 2009). In addition, covariate data were collected which allows testing hypotheses about effects of survey scale (e.g., water temperature, algae, streambed gravel substrate), environmental (e.g., elevation, slope, stream order), and land cover factors on species detection, occupancy, and interactions.

Thus, our objectives were to illustrate how to use our new conditional 2SMS occupancy model that incorporates imperfect detection, survey, environmental, and land cover covariates, and random effects to evaluate the occupancy and potential interactions of a native and non-native. We use standardized repeated snorkel survey data from Umpqua chub and smallmouth bass collected from the previous three decades in the Umpqua Basin as a case study.



Materials and methods


Occupancy model description

We developed our conditional 2SMS occupancy model based on conditional probabilities from two-species models (Richmond et al., 2010) and multi-state models (MacKenzie et al., 2018). We use the Richmond et al. (2010) conditional model parameterization where the occupancy probability for the dominant species is unconditional and the occupancy probability for the subordinate species is conditional on either the presence or absence of the dominant species.

We provide the ability to include both random effects and covariates on detection and occupancy sub models. We use a linear logistic model to model covariates on occupancy and detection probabilities:
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where η is the log odds, α is the intercept and β is the slope of the covariate Xi…n.

We account for imperfect detection of species and the potential for non-native presence to affect our ability to detect the native species. We use a conditional binomial version of the combined two-species multi-state occupancy models (Richmond et al., 2010; MacKenzie et al., 2018) to estimate the following parameters:

[image: image] occupancy probability for non-native regardless of native presence;

[image: image] occupancy probability for native regardless of abundance, given non-native absent;

[image: image] occupancy probability that native abundant, given presence and non-native absent;

[image: image] occupancy probability for native present regardless of abundance, given non-native present;
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[image: image] detection probability for non-native regardless of native presence;
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[image: image] detection probability of native given non-native present;

[image: image] detection probability for native, given abundant and non-native absent;

[image: image] detection probability for native, given abundant and non-native present;

[image: image] probability evidence of the native abundant state is collected, given non-native absent; and,

[image: image] probability evidence of the native abundant state is collected, given both species present.

Given the conditional nature of the probabilities, the probability that a site contains a large number of the native species (i.e., the abundant state) is [image: image] ∗ [image: image] and [image: image] ∗ [image: image] when the non-native species are absent and present, respectively. Similarly, the probability of detecting the abundant state is [image: image] ∗ [image: image] and [image: image] ∗ [image: image] when the non-native is absent and present, respectively (Table 1). We classified the native species as abundant if the number of individuals counted among non-zero samples was  ≥  to the upper 80th percentile (Peterson and Barajas, 2018). This cutoff rule results in the lowest misclassification error (Peterson and Barajas, 2018).



TABLE 1 Conditional detection probability matrix for the true state given (/) the observed state for the 2SMS occupancy model.
[image: Table1]

We illustrate how to test for potential species interactions by comparing occupancy and detection probabilities for the native species alone to when they co-occurred with the non-native. That is, if the native is being excluded by the non-native, we would expect [image: image] and/ or [image: image] < [image: image] and/ or [image: image], otherwise we would expect the same chub occupancy probability regardless of whether bass were present or not. Alternatively, the native may not completely avoid sites used by the non-native, but exhibit anti-predation behaviors such as seeking cover, resulting in a lower detection probability of natives at sites used by non-natives (i.e., [image: image] and/ or [image: image] < [image: image] and/ or [image: image]).

We also calculated a species interaction factor (SIF) to quantify the relationship between conditional occupancy probability of the native species present given the non-native species is present [image: image] compared to the unconditional occupancy probability of the native [image: image] and the non-native [image: image]species (Richmond et al., 2010). The unconditional probability of occupancy for the native species [image: image], i.e., regardless of whether the non-native is present or absent, can be calculated using parameters in the model as (Richmond et al., 2010):

[image: image]

The 2SMS model indirectly estimates the SIF that is simply a ratio of how likely the native species is to occur conditional on the non-native being present compared to what would be expected under a hypothesis of independence, i.e., the unconditional occupancy of the two species (Richmond et al., 2010):

[image: image]

Thus, the SIF is the ratio of the conditional probability of both species occurring together over the unconditional probability of bass occurring alone and the unconditional probability of chub occurring alone. An SIF close to one indicates that the two species occur independently, a value less than one indicates that the native species is less likely to occur in the presence of the non-native, and a value greater than one indicates that the native is more likely to co-occur with the non-native (MacKenzie et al., 2018). Both conditional and unconditional parameterizations of the species interaction factor have been used extensively and recently to examine co-occurrence patterns, e.g., species interactions, of salamanders (MacKenzie et al., 2004), vipers (Luiselli, 2006), owls (Bailey et al., 2009), rails (Richmond et al., 2010), jaguars and pumas (Gutiérrez-González and López-González, 2017), tigers and leopards (Kafley et al., 2019), bears (Ngoprasert et al., 2022) turkeys and pigs (Walters and Osborne, 2022), and mesocarnivores (Hernandez-Puentes et al., 2022) to cite a few of many.




Case study


Study species

The Umpqua chub is a small minnow endemic to the Umpqua basin, Oregon (Markle et al., 1991). The species is typically associated with high daytime water temperature (x̄ = 21.5°C, range 17–26°C), aquatic vegetation, and overhanging riparian vegetation, usually grasses and shrubs in slow water and behind grassy hummocks in faster moving water (Pearsons, 1989; Markle et al., 1991). Umpqua chub are associated with both erosional and depositional substrates, bedrock, and green algae that is attached to rocks or trees submerged in shallow streams (Pearsons, 1989). Females spawn in spring and early summer and use bare rocks for nest sites (Markle et al., 1991). Infaunal chironomids make up most of the diet by numbers of prey consumed (89%) and sand grains were in 70% of stomachs (Pearsons, 1989; Markle et al., 1991) suggesting an association with, or selection for benthic habitat.

Smallmouth bass were introduced into Oregon in the mid-1920s (Lampman, 1946) and into the South Umpqua River sometime after 1964 (Simon and Markle, 1999). Smallmouth bass use diverse habitats across river systems that vary in physical characteristics (i.e., land use type, stream size, water temperature, slope, drainage class, climate, and hydrology; Brewer et al., 2007; Dauwalter et al., 2007; Brewer, 2011; Schall et al., 2019). Smallmouth bass are typically associated with rocky substrates, larger stream segments, coarse substrates, reduced current, and higher water temperatures (Brewer et al., 2007). Smallmouth bass can move large distances (≥30 km) into and out of the Umpqua Basin when water temperature increases in the summer and then decreases in the fall (Lawrence et al., 2012; Rubenson and Olden, 2017). Smallmouth bass can be affected by urban and agricultural practices and soils with high runoff potential (Brewer et al., 2007).



Study system and sampling

There are six currently known populations of Umpqua chub that are genetically distinct (O’Malley et al., 2013) and distributed among eight watersheds in the Umpqua River basin; Smith River, Elk Creek, Calapooya Creek, mainstem Umpqua River, North Umpqua River, Olalla Creek, Cow Creek, and South Umpqua River (Figure 1). The basin drains an area of 12,100 km2 and has a mean annual discharge of 208 m3s−1 near Elkton (Jones et al., 2020). There is large streamflow variability in the basin, e.g., most tributaries of South Umpqua have large seasonal variation in flow with lowest in summer and lack or have narrow floodplains while the North Umpqua has little seasonal variation in flow (Markle et al., 1991). The higher elevations are mostly public and private forest lands, whereas the lower elevations and floodplains are mostly agricultural, residential, and industrial lands (Jones et al., 2020). The lowest elevations are found in Smith River (0–80 m), Elk Creek (20–150 m) and the Mainstem Umpqua River (0–190 m) in the northwest closest to the mouth of the Pacific Ocean, while the highest elevations are in Cow Creek (200–550 m) and South Umpqua River (200–550 m), with Calapooya Creek (100–250 m), North Umpqua River (110–250 m), and Olalla Creek (150–450 m) having an intermediate span of elevations.

[image: Figure 1]

FIGURE 1
 The eight watersheds (labeled) in the Umpqua basin where native Umpqua chub and non-native smallmouth bass were snorkel surveyed from 2006 to 2021 with location in Oregon, United States (box). Colors represent distinct evolutionary populations of Umpqua chub (O’Malley et al., 2013). Map reproduced with permission from ODFW (2021).


The sensitive status of the Umpqua chub led to standardized snorkel surveys that had similar methodology and occurred at random survey sites from July through September 2006–2007, 2015–2017, 2019, and 2021. Most sites were surveyed by one or two snorkelers per stream (Oregon Department of Fish and Wildlife [ODFW], 2021). The survey crew started at the downstream site boundary, sampled in an upstream direction, and each person counted all Umpqua chub and smallmouth bass observed within about 2-m from the stream bank (Oregon Department of Fish and Wildlife [ODFW], 2021). Additional surveyors were added to the survey crew to count fish along the middle portion of the stream channel at some of the larger more complex sample sites (Oregon Department of Fish and Wildlife [ODFW], 2021). Crews counted all Umpqua chub and smallmouth bass encountered. Sites sampled in 2006 and 2007 were surveyed once but were repeated on consecutive days in the remaining years (i.e., 2015, 2016, 2017, 2019, 2021). Given the relatively short time between surveys (1 day), we believe we met the assumption that populations were closed (MacKenzie et al., 2018).



Covariates

Based on previous research (Markle et al., 1991; Brewer et al., 2007; Oregon Department of Fish and Wildlife [ODFW], 2021) on Umpqua chub and smallmouth bass, we developed survey scale covariates from habitat measurements that included percent of the streambed covered with aquatic vegetation, overhanging vegetation, wood, algae, and streambed substrate for silt and sand (particle size <2 mm), gravel (2–65 mm), cobble (65–256 mm), boulder (>256 mm), and bedrock which were visually assessed based on the areal coverage relative to the wetted surface area (Table 2). We calculated average water temperature from measurements recorded immediately prior to each sampling occasion (Oregon Department of Fish and Wildlife [ODFW], 2021), wetted surface area (m2; survey length multiplied by average wetted width), day of year (the sequential day number starting with day 1 on January 1), and survey effort (the total duration in minutes of the survey). We interpolated any missing covariate records (12–25% missing/ covariate) with R package mice which imputes missing values with plausible values drawn from a distribution specifically designed for each missing datapoint (van Buuren and Groothuis-Oudshoorn, 2011). We used digital elevation maps (U.S. Geological Survey [USGS], 2013) to calculate environmental covariates including mean elevation, slope, stream order and magnitude (Shreve, 1969) from the start and end points of each unique snorkel survey (Table 2).



TABLE 2 Descriptions and summaries of (A) survey scale, (B) environmental, and (C) land cover covariates extracted from three buffer sizes; (1) 200 m width, variable area, (2) 500 m radius circular 78.5 ha, and (3) hydrological unit (HU12) watersheds for 304 snorkel surveys during 2006–2021 within the Umpqua basin, Oregon, United States.
[image: Table2]

We also developed scale-dependent land cover covariates based on characteristics known to influence chub and bass presence (e.g., land cover type, drainage class; Markle et al., 1991; Brewer et al., 2007; Dauwalter et al., 2007; Schall et al., 2019) using ARCGIS 10.8.1 for each unique survey (Table 2). During 2006, two 100 m surveys were conducted either adjacent to each other or located with a short gap (15–150 m) between the start and end points so we randomly chose one survey to include in the analysis. We extracted land cover covariates to represent three spatial scales: (1) the small-scale survey, (2) the mid-scale stream, and (3) and the watershed. At the smallest scale, i.e., survey, we derived covariates using variable-area (i.e., 1.58–68.93 ha) rectangular buffers with a width of 200 m around straight-line variable-length transects between the start and end points of each survey. At the mid-scale stream, we generated 500 m radius buffers (78.5 ha) around the straight-line midpoint of each survey. At the watershed scale, we derived variables from 2021 USGS watershed boundary dataset Hydrologic Unit 12 (HU12) shapefiles. We aggregated habitat categories from the Oregon Spatial Data Library Oregon Statewide Habitat Map which is based on 2018 imagery to develop the land cover covariates (Table 2). We also used the USDA soil survey geographic database soil hydrology shapefile to develop a covariate for low drainage (i.e., soil types C and D with 20–40% clays and  > 40% clays respectively; Table 2). We then calculated the percentage of the 200 m buffers in a land cover category, e.g., percent riparian land cover area in a 200 m wide buffer, the area in hectares for 500 m radius circular buffers, and the percent of the HU12 buffer. All continuous covariates were standardized with a mean of zero and standard deviation of one. To evaluate differences among time periods, we created binary indicator variables (0.1) for period one, 2006–2007; period two, 2015–2017; and period three, 2019–2021.



Bayesian implementation and model selection

We aimed to estimate occupancy and detection of Umpqua chub and smallmouth bass. We classified the native species Umpqua chub by the states absent, present, and abundant (≥80th percentile; Peterson and Barajas, 2018) and the non-native Smallmouth bass as absent and present. We first determined the best approximating variance structure for the random effects, i.e., stream, watershed, or survey site to account for unexplained variation in multiple surveys that may be dependent (Royle and Dorazio, 2008). We chose the combination of random effects that resulted in the lowest deviance (>2; Peterson and Barajas, 2018) for both detection and occupancy sub models on the global model. We evaluated survey scale and environmental covariates in detection and occupancy sub models and added scale-dependent land cover covariates in occupancy sub models (Table 2). Due to computing times associated with the total number of covariates in the global model, we analyzed covariates in groups of like, uncorrelated variables according to subheadings and spatial scales in Table 2. We included only covariates that were not strongly correlated (r < |0.7|) that had the best potential to explain relationships in each sub model (Moore and McCabe, 1993).

We identified covariates to include in our final, reduced model using model selection with indicator variables by multiplying the coefficient for each covariate occurring in the group global model by a latent, binary indicator variable (Kuo and Mallick, 1998; Hooten and Hobbs, 2015). To evaluate variable importance, we then examined the posterior probabilities of the indicator variables where each unique sequence of indicator variables is a candidate model (Kuo and Mallick, 1998). We then used the indicator variable process on the combined uncorrelated covariates in the top models from each grouping in each sub model. We base our inferences on covariates in the reduced models with the greatest support within 15% of the top model. We summarize posterior distributions of the estimated parameters (i.e., for p, Ѱ) in the final reduced models (i.e., covariates from the model with highest posterior probability) and covariates with their mean and 90% credible interval. We calculated odds ratios for parameters in the best model to aid in the interpretation of effect sizes (Hosmer et al., 2013) and only included covariates if the 90% credible intervals did not contain one.

We used Markov Chain Monte Carlo (MCMC) in JAGS (Plummer, 2012) implemented in R statistical software (R Development Core Team, 2021). All candidate models were fitted with three chains running 120,000 iterations, 10,000 adaptation samples and burn-in samples, and minimally informative priors on log-scaled parameters (Gelman et al., 2008). Convergence of each model was assessed by the potential scale reduction factor ([image: image]; Brooks and Gelman, 1998) and was assumed when [image: image]< 1.05.




Results


Case study results

Survey crews counted a total of 13,114 Umpqua chub (range 0–1,062) and 16,249 smallmouth bass (range 0–440) during non-repeated (n = 158; 2006–2007) or repeated single pass snorkel surveys (n = 195; 2015–2021; Table 3A). Both species were found in all eight watersheds (Tables 3A–C). The majority of chub included in the 2SMS occupancy analysis were counted in South Umpqua River (9,233; 70%) and Cow Creek (1,993; 15%) where the majority of surveys (26 and 20% respectively) occurred (Tables 3A–C). We counted the fewest chub in the Mainstem Umpqua River (8; <1% in 16% of surveys) and Olalla Creek (29; <1% in 2% of surveys; Table 3A). The majority of smallmouth bass were counted in the Mainstem Umpqua River (9,240; 56% in 16% of surveys) and South Umpqua River (5,284; 33% in 70% of surveys) with the fewest counted in Olalla Creek (13; <1% in 2% of surveys) and North Umpqua River (47; <1% in 5% of surveys; Table 3A). The 80th percentile of the number of native Umpqua chub counted was 67, which we used to define the lower threshold for the chub abundant state. Umpqua chub were present (not abundant) during 34% and were abundant during 8.3% of surveys. The two species were detected overlapping during 21% of snorkel surveys.



TABLE 3A The number of sites snorkel surveyed in two-species multi-state models, by watershed and year (2006–2021) and the total number of native chub and non-native bass counted within the Umpqua basin, Oregon, United States (2006–2007 surveys only surveyed once).
[image: Table3]



TABLE 3B The mean standard deviation of the maximum number (between repeated surveys) of Umpqua chub in two-species multi-state models, by watershed and year (2006–2021) counted within the Umpqua basin, Oregon, United States (2006–2007 surveys only surveyed once).
[image: Table4]



TABLE 3C The mean  ±  standard deviation of the maximum number (between repeated surveys) of smallmouth bass in two-species multi-state models, by watershed and year (2006–2021) counted within the Umpqua basin, Oregon, United States (2006–2007 surveys only surveyed once).
[image: Table5]



Species interactions

Occupancy and detection probability comparisons indicate little biological effect of the non-native smallmouth bass excluding the native Umpqua chub in either the present or abundant states and there may even be a propensity for co-occurrence. We can conclude this because overall native chub occupancy was higher in the present state when the non-native bass was present (0.18 ± 0.05) versus absent (0.14 ± 0.02; Table 4). In addition, the native chub had higher occupancy in the abundant state when the non-native bass was present (0.19 ± 0.03) versus absent (0.08 ± 0.02). However, detection probabilities for the native chub in the present state were higher when the non-native bass was absent (0.82 ± 0.050) compared to when present (0.34 ± 0.12) but were similar when native chub were in the abundant state regardless of whether the non-native bass was present (0.21 ± 0.11) or absent (0.24 ± 0.15; Table 4). This indicates native chub are more difficult to detect in lower numbers when non-native bass are present. The SIF was well above 1.00 at 6.75 ± 5.54 SD indicating the native species Umpqua chub was strongly associated with, and not being excluded by the non-native species smallmouth bass (Table 4).



TABLE 4 Parameter estimates for (A) mean occupancy probability for each state, (B) probability of detecting the true state, and (C) species interaction factor with standard deviation (SD), and lower (LCI) and upper (UCI) 95% credible intervals from best approximating Umpqua chub/ smallmouth bass (SMB) 2SMS model from the Umpqua basin, Oregon, United States.
[image: Table6]

Umpqua chub had the highest occupancy in sites in the South Umpqua River watershed in both the present and abundant states when smallmouth bass were also present (Figure 2). Chub had close to no probability of being present or abundant when bass were absent in this watershed (Figure 2). Outside of the South Umpqua River watershed, bass had variable interactions with chub (Figure 2). Umpqua chub had higher probability of being present and abundant in the mainstem Umpqua River when bass were present, more abundant when bass were present in Cow Creek and Olalla Creek and higher probability of being present with bass in Calapooya Creek (Figure 2). In Olalla Creek and Cow Creek, the occupancy probability of Umpqua chub was higher when bass were absent (Figure 2). In summary, there were no clear occupancy trends of the non-native excluding the native evident among watersheds in the Umpqua basin when all years are summarized together.

[image: Figure 2]

FIGURE 2
 Estimated occupancy probability by watershed for (A) Umpqua chub given smallmouth bass (SMB) are present (orange bars) and absent (blue bars) and (B) Umpqua chub abundant given smallmouth bass are present or absent with 95% credible intervals. Numbers indicate total number of snorkel surveys conducted per watershed in the Umpqua Basin, Oregon, United States, 2006–2021.




Covariates and random effects on occupancy and detection

The best combination of random effects included watershed for the occupancy process and no random effects for the detection process. We did not find an effect of period on occupancy from 2006 to 2021. Many covariates were in the detection and occupancy sub models (Figures 3, 4 and Supplementary Table 1) and we further consider only covariates with confidence intervals that do not overlap zero because the direction of the relationship cannot be determined. We explore several with the largest effect sizes to illustrate how covariates can help with interpretation of species interactions. Elevation had the largest effect sizes and was in the most occupancy sub models (Figures 3A, 4B–D). The non-native species smallmouth bass were 13.7 times more likely to occupy a site for every one-meter decrease in elevation with much higher probability of occurrence at lower elevations within a watershed (Figure 5A). The large watershed random effect for non-native bass shows differences in occupancy at varying elevations within watersheds, e.g., 100% occupancy at 0 m to 0% occupancy at 300 m versus 100% occupancy at 300 m and 5% occupancy at 500 m elevation (Figure 5A). The two species were 6.2 times more likely to co-occur with every one-meter increase in elevation with much higher probability of co-occurrence >350 ≤ 499 m (Figure 5B). The native species chub in the abundant state with the non-native bass absent was 12.7 times more likely with every one-meter decrease in elevation with much higher probability of occurrence <200 m with >80% occurrence ~0 m elevation all watersheds (Figure 5C). However, if the non-native was present, native occupancy in the abundant state was 15.2 times more likely for every one-meter increase in elevation with much higher probability of occurrence >350 m ≤ 499 m, similar to chub co-occurrence with bass in the present state (Figure 5D).
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FIGURE 3
 Non-native smallmouth bass occupancy (A: ΨS) and detection (B: pS) parameter estimates, with upper (UCI) and lower (LCI) 90% credible intervals estimated from best approximating 2SMS model from the Umpqua basin, Oregon, United States. Note, negative estimates were converted to positive odds ratios to aid interpretation.
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FIGURE 4
 Occupancy (Ψ; A–D) and detection (p; E–J) odds ratios with upper (UCI) and lower (LCI) 90% credible intervals from best approximating native (Umpqua chub)/ non-native (smallmouth bass) 2SMS models from the Umpqua basin, Oregon, United States. Note, negative estimates were converted to positive odds ratios to aid interpretation.
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FIGURE 5
 Empirical Bayes plots of the marginal occupancy probability of (A) non-native smallmouth bass present, (B) native Umpqua chub present/ bass present, (C) native Umpqua chub abundant/ non-native bass not present, and (D) native Umpqua chub abundant/ non-native bass present, with elevation during 2006–2021 snorkel surveys. Each colored line represents a different watershed in the Umpqua basin, Oregon, United States.


Chub occupancy probability was 17.3 times more likely with each 1% increase in algae cover reaching almost 100% occupancy with 100% algae cover (Figure 6A). Algae cover was not related to bass occupancy. The area of urban land cover in a 200 m wide buffer had similar negative effects on non-native bass occupancy (Figure 3A) and native chub occupancy (Figures 4B,C). Similarly, chub occupancy was 8.3 and 17.6 times more likely with every 1% decrease in the percent of shrub area in a 200 and 500 m buffer, respectively, (Figures 6B,C).
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FIGURE 6
 Empirical Bayes plots of the marginal occupancy probability of Umpqua chub present given no bass with (A) percent algae, (B) the percent of shrub in a 200 m width, variable area buffer, and (C) area of shrub cover in a 500 m radius buffer assuming averages for the other covariates in the model from 2006 to 2021 snorkel surveys. Each blue colored line represents a watershed in the Umpqua Basin, Oregon, United States.


The largest effect sizes for detection probability were for day of year sub models (Figures 3B, 4E–J). There was lower probability of detecting non-native bass or native chub later in the season (Figures 7A,B), but for native chub in the abundant state, detection was 6.9 times more likely for every day later in the season (Figure 7C). There was a higher probability of collecting evidence of native chub in the abundant state given non-native bass were either present or absent later in the season (Figures 7D,E).
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FIGURE 7
 Marginal probability (p) of detecting (A) non-native present, (B) native chub present/ non-native bass absent, (C) native abundant/ non-native absent, (D) evidence of the native abundant/ given non-native bass absent, (E) evidence of abundant native/ non-native present with day of year. Day of year 175 = July 1 and 280 = September 30.





Discussion

Non-native species have been introduced widely into freshwater streams of the Pacific Northwestern United States (Rubenson and Olden, 2019). Their proliferation often results in pervasive effects on native species (Hazelton and Grossman, 2009). However, management favoring native species may need to be justified by its demonstrated effect on potentially vulnerable species, for example if the non-native species is a popular sportfish, as is the case in our Umpqua basin example. Objectively evaluating interactions between non-native and sensitive native fishes in the Pacific Northwest may become more critical given that predicted stream temperature warming may benefit non-native warm-water species, such as smallmouth bass (Jones et al., 2020). Choices will need to be made on which species interaction issues to focus efforts (Petersen and Kitchell, 2001; Lawrence et al., 2014).

Because we integrated the detection probability of the native Umpqua chub, we were able to conclude that their probability of presence and abundance does not differ substantially when smallmouth bass were present or absent at the site level. Furthermore, the SIF was well above 1 at 6.75 indicating the native species Umpqua chub was in fact strongly associated with the non-native species smallmouth bass. The results that the two species occur together with near equal probability as chub alone, combined with the positive SIF, do not support the old hypothesis that there is a negative interaction between the two species at reach scales, i.e., that smallmouth bass exclude Umpqua chub. Further management of smallmouth bass in the Umpqua Basin should consider the outcome of our 2SMS occupancy modeling example.

We also did not see much of a negative density dependent effect on interactions of bass and chub, as indicated by comparisons of chub occupancy when bass are present or not ([image: image] = 0.14 [image: image] = 0.18[image: image]or chub abundant (i.e., ≥ 67 fish; [image: image] = 0.08 [image: image] = 0.19[image: image]. In fact, chub occupancy was higher when bass were present indicating a positive density dependent effect; i.e., there is a much bigger positive effect on chub being abundant when bass are present.

Simultaneously including habitat covariates and incorporating multiple states into two species occupancy models allowed us to disentangle the effects detection probability had on density dependent occupancy states. True species interactions from previous studies were likely obscured by just looking at chub and bass presence without incorporating detection probability and covariates. For example, the much lower native chub detection probabilities when non-native bass are present (0.21–0.34) compared to when bass are not present (0.82) indicate chub are much more difficult to detect when non-native bass are present. Interestingly, by incorporating covariates on occupancy, we found elevation to be one of the main drivers of occupancy probability of the native, non-native, and co-occurrence of the two. Non-native bass and native chub in the abundant occupancy states were highest at lower elevations while native chub in both the present and abundant occupancy states were higher when bass were present at higher elevations. However, there was no elevation relationship of native chub when bass were absent. This is what we would expect if non-natives were not excluding natives given bass and chub alone (in the abundant state) are both negatively related to elevation. This indicates a zone of sympatry at higher-elevation stream reaches where native chub co-occur with non-native bass even in the abundant state. This density dependent relationship may have been obscured by not incorporating the very different detection probabilities when bass and chub co-occur versus when chub are detected alone.

That chub are much more difficult to detect when non-native bass are present is compelling evidence that native chub may be changing behavior in response to the presence of a predator (Hazelton and Grossman, 2009). The presence of predators has been found to alter habitat use of potential prey fishes in other studies (Peterson and Rabeni, 2001; Stuart-Smith et al., 2008; Hazelton and Grossman, 2009). Through incorporating covariates into detection probability sub models, we found additional support that native chub may in fact have a beneficial adaptive behavioral response to this non-native potential predator. We found that chub detection probability was higher with less bedrock and more boulder substrates when non-native smallmouth bass were present. The detection probability could be due to a shift in native chub habitat use in the presence of non-native bass in areas with no cover from predators (bedrock) to cover (boulder).

In our case study, we found day of year affected detection in almost all the native species states, but the relationships seemed counter-intuitive; the probability of detecting chub and bass alone declined over time yet, chub in the abundant state increased with day of year. The higher chub detection later in the season is likely due to young of year chub that are usually the most abundant cohort, growing and becoming more visible later in the sampling period after August. The negative relationship we found between day of year and smallmouth bass detection could also be due to life history of this species like variability in movement patterns and/ or reproductive timing. Smallmouth bass can move long distances (≥30 km) as water temperatures warm or cool, even between different watersheds into and out of the Umpqua Basin (Lawrence et al., 2012; Rubenson and Olden, 2017). Adult bass could have been actively moving to suitable spawning areas earlier in the season making them more detectable. Alternatively, male bass may have been actively guarding nests constructed in shallow areas and less detectable later in the season. Life history may affect detection probability increasing bias if sampling occurs during the reproductive period, therefore including covariates like day of year to account for this bias is important when examining species relationships.

We found that anthropogenic land use covariates at larger scales (i.e., 200 and 500 m) were negatively associated with both species’ occupancy. Greater urban and shrub land cover were associated with a lower probability of non-native bass and native chub alone and their co-occurrence. Shrub cover has been related to encroachment of urban areas in other studies (Singkran and Meixler, 2008). Thus, the inclusion of covariates on occupancy in our 2SMS model might lead us to hypothesize that effects of conversion to anthropogenic land cover types may be an area for future study for both fishes (Hazelton and Grossman, 2009).

We can also validate 2SMS model results by comparing the historical survey data (i.e., 1987–1999) with the more recent survey data (2006–2021). Native Umpqua chub were thought to be lost from several watersheds between 1987 and 1998 resulting in the assertion that Umpqua chub populations were being restricted to smaller tributaries as smallmouth bass became established in larger streams (Simon and Markle, 1999; O’Malley et al., 2013). However, these initial assertions were based upon only 12 original observations. With more extensive and standardized snorkel surveys conducted during 2006–2007 (n = 93), 2015–2017 (n = 55), 2019 (n = 81), and 2021 (n = 75) we detected Umpqua chub in all of the streams they had not been detected in during 1987 and 1998. Moreover, native chub occupancy was highest in the South Umpqua River watershed where non-native bass were first introduced into the basin and have had the longest time to co-exist with smallmouth bass. This finding is contrary to the assertion that smallmouth bass exclude Umpqua chub which was based on analyses that did not account for detection probability of either species (Simon and Markle, 1999). Thus, a more accurate picture of the species interactions in the Umpqua basin emerged after 2006, even before we combined more extensive standardized repeated snorkel survey methodology with our new 2SMS occupancy model.

Although our results do not support the hypothesis that smallmouth bass exclude Umpqua chub within survey reaches, the scale of our sampling may have been too coarse to evaluate interactions between these species. Our primary sampling unit (the survey) was six-times the average wetted width of the stream and therefore, each sample site typically incorporated multiple habitat unit types (e.g., some combination of slow-water and fast-water habitat units; Oregon Department of Fish and Wildlife [ODFW], 2021). Consequently, our sampling strategy may not detect interactions between non-native smallmouth bass and native Umpqua chub if they occur at the habitat unit or microhabitat unit scale (e.g., exclusion of Umpqua chub from specific habitat types). Future surveys could be modified to evaluate whether Umpqua chub use slow- versus fast-water habitats when smallmouth bass are present or absent to provide greater insight into potential fine-scale effects of smallmouth bass on Umpqua chub. Additionally, the large watershed random effect for non-native bass occupancy indicates a substantial amount of variation exists among watersheds that was not accounted for with the survey, environmental, or land cover covariates. Some of the unaccounted variation may be related to differences in streamflow among watersheds which could affect occupancy for either fish species. Therefore, future surveys could include streamflow covariates. This illustrates how our 2SMS model could also inform future sampling designs.

Findings from our 2SMS model could be useful for informing and prioritizing future non-native fish management decisions. In our case study, costly actions to reduce smallmouth bass occurrence in the Umpqua basin cannot be justified based on the hypothesis that smallmouth bass are likely excluding Umpqua chub as our research does not support this hypothesis. However, it may be that other native species are negatively affected by smallmouth bass in the basin such as Western brook lamprey (Lampetra richardsoni) and Pacific lamprey (Entosphenus tridentatus) that would require management strategies (Jones et al., 2020). Such predator/ prey interactions may benefit from our 2SMS occupancy modeling efforts to understand whether the potential overlap of smallmouth bass has a negative effect on lamprey as suggested by Jones et al. (2020).

In summary, the development of our 2SMS model permits simultaneous modeling of two species and multiple states while accounting for imperfect detection, multiple covariates, and random effects. When detection probabilities and species interactions are not incorporated, it may be possible to perceive patterns in data that may not be accurate. In our example, the various historical survey methodologies, each with their own detection probabilities and the fact that different elevation streams with varying substrates have differing detection probabilities, limited the ability to make an unbiased hypothesis. The ability to model the probability that two species co-occur while accounting for possible density dependence allows greater insight into processes that influence species interactions and should aid managers in prioritizing conservation actions for species of concern. Our 2SMS model explicitly examined the hypothesis of whether chub density was affected by presence of bass at any density. However, higher bass density could affect occupancy of chub and this model parameterization could be of interest, and potentially useful in maximizing targeted removal efforts should managers seek to do so. Our 2SMS occupancy model can be used with other types of repeated survey data, e.g., songbird point counts, for disentangling the potential effects of non-native species.
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