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Figure 4-9. Predictive species distribution map for the Bald Hills Brood model with
brood telemetry presence locations.

When | projected the Bald Hills Brood model to the CCFO area, | did not include
habitat treatment type because the data was not available. The Brood model still had
excellent predictive ability (AUC =0.932 + 0.041; Fig. 4-10). The most predictive
variables for the CCFO Brood model were elevation (46.78%) and landcover (16.68%;
Table 4-4). Elevation showed a similar pattern as the Bald Hills Brood model with the
most suitable elevation > 2,200 m (Fig. 4-8A). Rocky mountain gambel oak-mixed
montane shrubland (landcover class 41), inter-mountain basins montane sagebrush steppe
(landcover class 62), and inter-mountain basins semi-desert shrub steppe (landcover class
67) provided the most suitable habitat compared with other landcover types (Table 4-2;

Fig. 4-8C).
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Figure 4-10. Receiver Operator Characteristic (ROC) curve plot for the CCFO Brood

model. Curves in top left corner indicate excellent model fit as compared with the black

diagonal line indicating predictions that would be no better than random.

The CCFO Brood model projected suitable brood-rearing habitat both east and
west of the Bald Hills study area (Fig. 4-11). The model predicted 14,090 km? of non-
suitable habitat and 543 km?, 199 km?, and 361 km? of low, medium, and high habitat
suitability within the CCFO, respectively. Closer examination of the independently
collected presence data shows that the model failed to predict most of the presences.
While there are areas adjacent to the Hamlin Valley presence locations that were
projected as presence areas, the model was not able to accurately predict these brood

presence locations.

Summer Models
| partitioned the Summer model data into train (70%) and test (30%) data to
develop and validate the Summer model. The Bald Hills Summer model had excellent

predictive ability for both the training data (AUC = 0.966) and the test data (AUC =
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0.953; Fig. 4-12). The jackknife test of variable importance resulted in all 9 variables

contributing to the model. Distance from lek (57.66%) and elevation (22.15%) provided
the highest predictive contribution to the model (Table 4-5).

The probability of presence decreased with increased distance from lek (Fig. 4-
13A). The probability of presence decreased to < 15% at a distance of 2.5 km and
decreased to <10% at a distance of 5 km. The response to elevation resulted in a bimodal

distribution where 1,550 m and 2,400 m provided the most suitable habitat (Fig. 4-13B).
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Figure 4-11. Predictive species distribution map for the projected CCFO Brood model
with brood telemetry presence locations (Bald Hills Brood Locations) and independently
collected nest presence locations for model validation (Hamlin Valley Brood Locations).
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Further examination of the Bald Hills Summer model reveals that the model

accurately predicted most of the presence locations (Fig. 4-14). There are some presence
locations that were not predicted by the model and some areas without presence locations
that were predicted as having a high probability of presence. Overall, visual inspection
reveals a good model fit with > 98% of the presence points being located within the
predicted suitable habitat.

The projected CCFO Summer model had an excellent fit for the training data
(AUC =0.968) and the test data (AUC = 0.936; Fig. 4-15). This model did not include
habitat treatment type and maintained predictive ability much better than random. This
model shared the same top predictor variables as the Bald Hills model; distance to lek
(55.71%) and elevation (24.85%; Table 4-5). Also similar to the Bald Hills model, there
was a negative relationship between the probability of presence and increased distance to
lek (Fig. 4-13A). Elevation had a bimodal distribution for habitat suitability (Fig. 4-13B).

The projected CCFO Summer model predicted additional areas within the CCFO
as having similar habitat attributes as the Bald Hills summer presence locations. Some
areas are patchy with large distances between them and other high probability-of-
presence areas (Fig. 4-16). Three presence areas (indicated by independently collected
presence locations) in Hamlin Valley were accurately predicted as having suitable
habitat. There was a large southern cluster of Hamlin Valley presence locations however,

that were located in an area that was not predicted as suitable habitat.
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Table 4-5. Variable contributions for the Bald Hills and projected CCFO Summer
models.

Percent Contribution (%)

Variable Bald Hills Model Projected Model
Distance to Lek 57.66 55.71
Elevation 22.15 24.85
Distance to High Speed Roads 9.20 9.77
Aspect 5.23 6.69
Landcover 2.48 0.84
Habitat Treatment Type 1.66 N/A
Distance to Low Speed Roads 0.87 0.91
Slope 0.42 0.58
Distance to Energy 0.32 0.66

Sensitivity vs. 1 - Specificity for summer

Training data (ALC = 0.966) ®
Testdata (AUC =0953) =
| Random Prediction (AUC=05) ®

Sensitivity {1 - Omission Rate)
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1 - Specificity (Fractional Predicted Area)

Figure 4-12. Operator Characteristic (ROC) curve plot for the Bald Hills Summer model.
Curves in top left corner indicate excellent model fit as compared with the black diagonal
line indicating predictions that would be no better than random.
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Bald Hills Model CCFO Model Bald Hills Model

CCFO Model

Bald Hills Model

CCFO Model

Figure 4-13. Variable response curves for the Bald Hills and projected CCFO Summer
models. Mean response indicated in red with high and low standard error values in blue

and green, respectively.

The three predictor variables with the greatest percent contributions to the Bald Hills

model.

*The three predictor variables with the greatest percent contribution to the CCFO model.
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Figure 4-14. Predictive species distribution map for the Bald Hills Summer model with
summer telemetry presence locations.

Sensitivity vs. 1 - Specificity for summer
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Figure 4-15. Receiver Operator Characteristic (ROC) curve plot for the CCFO Summer
model. Curves in top left corner indicate excellent model fit as compared with the black
diagonal line indicating predictions that would be no better than random.
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The threshold used for the presence/absence map was the equality of the

sensitivity and specificity for the train data and predicted 656 km? of suitable habitat
within the CCFO (Fig. 4-17). With this threshold applied, there are fewer areas predicted
as providing suitable summer habitat when compared with the probability of presence
map (Fig. 4-17). Approximately 98% of the Bald Hills and approximately 87% of the
Hamlin Valley presence points were within medium or high probability of presence areas
before applying the threshold. After applying the threshold the percent accurately
predicted decreased by > 5% for the Bald Hills population and > 10% for the Hamlin

Valley population.

Winter Models

The model had excellent predictive ability for the training data (AUC = 0.966)
and the test data (AUC = 0.960; Fig. 4-18). All 9 variables contributed to the model.
Distance to nearest lek (42.96%), distance high speed roads (25.96%), and landcover
(13.54%) contributed most to the model (Table 4-5). There was a negative relationship
between probability of presence and distance to the nearest lek, with the probability of
presence decreasing to < 35% at distances > 5 km (Fig. 4-19A). There was a positive
relationship between distance to high-speed roads and probability of presence, with
increasing probability at distances > 10 km (Fig. 4-19B). Colorado plateau mixed low
sagebrush shurbland (landcover class 50), inter-mountain basins montane sagebrush
steppe (landcover class 58), inter-mountain basins semi-desert shrub steppe (landcover
class 67), and inter-mountain basins semi-desert grassland (landcover class 76) provided
the landcover with the most suitable winter habitat (Fig. 4-19C and Table 4-2). Visual

inspection of the predictive model shows excellent model fit. All of the telemetry
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presence locations were in areas predicted as providing suitable winter habitat (Fig. 4-

20).

The projected CCFO winter model had excellent fit for the training data (AUC =
0.963) and for the test data (AUC = 0.941; Fig. 4-21). This model predicted 347 km? of
suitable winter habitat within the CCFO. Distance to lek (45.06%) and distance to high-
speed roads (29.88%) were the greatest contributing variables to the model (Table 4-6).

Both variables showed similar variable response curves as the Bald Hills model with a

©  Bald Hills Summer Locations P’°bab"glifg‘;'.':’°““ce
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Figure 4-16. Predictive species distribution map for the projected CCFO Summer model
with summer telemetry presence locations (Bald Hills Presence Locations) and
independently collected summer presence locations for model validation (Hamlin Valley
Presence Locations).
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negative relationship for lek distance (Fig. 4-19A) and a positive relationship for

distance to high-speed roads (Fig. 4-19B). The projected CCFO winter model shows an
excellent fit with the independently collected Hamlin Valley Data (Fig 4-22). The model
predicted additional areas with suitable habitat both east and west of the Bald Hills model
extents. The presence/absence map excluded some areas with medium probability of
presence values (Fig. 4-23). The resulting map excluded some telemetry presence points

from areas of presence in the Bald Hills and Hamlin Valley populations.

S

©  Bald Hills Winter Locations Major Roads |

=  Hamlin Valley Winter Locations Probability of Presence

Bald Hills Model Extents 0 ¢ 128 2 50 Kliomaters
:l - g A N N
Figure 4-17. Predictive species presence/absence map for the projected CCFO Summer
model based on a threshold of specificity and sensitivity equality for the model train data.
Bald Hills Presence Locations represent all summer telemetry presence locations and the
Hamlin Valley Presence Locations represent independently collected summer presence
locations for model validation.
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Table 4-6. Variable contributions for Bald Hills and projected CCFO Winter models.

Percent Contribution (%)

Variable Bald Hills Model Projected Model
Distance to Lek 42.96 45.06
Distance to High Speed Roads 25.96 29.88
Landcover 13.54 11.33
Elevation 7.73 4.64
Distance to Energy 5.04 2.82
Slope 1.83 2.39
Aspect 1.68 241
Distance to Low Speed Roads 1.37 1.48
Habitat Treatment 0.00 N/A

Sensitivity vs. 1 - Specificity for winter
' ‘ ' ' ' ' ' Training data (AUC = 0.966) ®

Testdata (AUC = 0.960) ®
| Random Prediction (AUC=0.5) ®

Sensitivity {1 - Omission Rate)
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1 - Specificity (Fractional Predicted Area)

Figure 4-18. Receiver Operator Characteristic (ROC) curve plot for the Bald Hills

Winter model. Curves in top left corner indicate excellent model fit as compared with the

black diagonal line indicating predictions that would be no better than random.
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Yost et al. (2008) found that vegetation type was the most important predictor

variable when using maxent to model nesting habitat in an Oregon population.
Additionally, preference for inter-mountain basins montane sagebrush steppe in the Bald
Hills population corroborates another Utah study that classified this landcover type as
suitable habitat for sage-grouse (Crabb and Black 2011). This habitat type provides the
most appropriate sagebrush overstory and grass/forb understory for nesting habitat
compared with other landcover types available within the study area.

In Wyoming, nest locations were found to be spatially distributed relative to lek
sites. A 5-km buffer was found to include over 60% of nest locations (Holloran and
Anderson 2005). In Montana, Doherty et al. (2008) found that sage-grouse selected for
winter habitat within 4 km? of leks. Identifying lek buffers as critical sage-grouse habitat
during multiple seasons has become integral information for range-wide management
efforts. The Utah Division of Wildlife Resources (UDWR 2010) has used this
relationship to identify core populations based on 4.83 km (3 mi) lek buffers. In the Bald
Hills population, the probability of nest occurrence decreased to < 70% at distances
greater than 5 km from an active lek. This is indicative that the 5-km lek distance is an
important threshold for the Bald Hills population.

Habitat alteration including habitat management techniques and fire regimes can
have major impacts on sage-grouse habitat (Connelly et al. 2000, Crawford et al. 2004).
Given the various factors that are associated with habitat alteration (size, intensity,
duration, weather, time since previous alteration, number of previous alterations, etc.), it
is difficult to determine the impacts of habitat management techniques and fire on sage-

grouse habitat use. Here, | combined habitat management techniques with fire regimes as
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a categorical variable to determine on a broad scale how sage-grouse respond to

habitat alteration. My results show that birds prefer areas that have been altered due to
wildfire, broadcast burning, crushing, lop and scattering, mastication/mowing, seeding, or
thinning and avoid habitat that has not been altered within the previous 20 years This is
the first study, to my knowledge, that incorporates local habitat management techniques
and fire history into predictive modeling of sage-grouse suitable habitat. By directly
examining these important landscape-scale habitat variables, these results can be used to
guide habitat management decisions. While large population-wide habitat suitability
models can be useful when examining population dynamics across multiple regions,
states, and countries, this study demonstrates that important local adaptations and
management techniques should not be overlooked.

The projected CCFO Nest model accurately predicted sage-grouse presences in
the Hamlin Valley population. This independent validation demonstrates that the Nest
model did an excellent job of predicting suitable nest habitat within the CCFO. This
result implies that hens in the Bald Hills population select for similar landscape-scale
habitat characteristics for nesting habitat as other populations within the CCFO. The sum
of the low, medium, and high probability predicted areas within the CCFO was 1,799
km?. Further field validation should be conducted to determine if other areas predicted as
having high probabilities of nest presences actually contain sage-grouse nests. In
addition, projecting the Bald Hills model statewide would allow comparison between the
habitat preferences of southern Utah populations with populations in the rest of the state.
Management techniques designed to improve nesting habitat throughout the CCFO

should focus on maintaining and increasing inter-mountain basins montane sagebrush
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steppe habitat, as classified by SWReGAP landcover data. Additionally, the model

predicted sage-grouse would initiate nests more often in areas < 5 km of a known active
lek. Therefore, disturbance such as infrastructure development should be avoided within

5 km of known active leks, especially during the nesting season.

Brood Models

Elevation and habitat treatment were the top predictors of the Bald Hills Brood
model. The importance of fire regime and vegetation treatment types in both the Nest and
Brood model emphasizes the importance of local management data on predicting
reproductive habitat for sage-grouse in southern Utah. Suitable brood-rearing habitat was
located in areas that had some form of habitat alteration in the previous 20 years. The
management techniques and wildfire occurrences used in this dataset represent diverse
habitat alteration types in a mosaicked landscape. Birds may avoid habitat that is un-
altered for long periods of time because this can allow sagebrush to outcompete grass and
forb species, decreasing available forage and cover for reproductive hens (A. C. Burnett
Chapter 2, West 2000). Managing habitat for patchy and altered fire regimes would be
beneficial to both nesting and brood-rearing hens. In general, sage-grouse have been
found to respond favorably to habitat manipulations, including those employed in the
BLM CCFO (Connelly et al. 2000, Crawford et al. 2004, Stringham 2010). Further
research on local management techniques and wildfire should investigate effects of
different habitat treatment types and fire intensities while accounting for overlapping
areas, time-effects, climate, and other confounding variables.

Due to the small sample size of broods, it is difficult to determine the accuracy of

the Bald Hills Brood model when examining the predictive map. There are 4 telemetry
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locations that were not well predicted by the map and there are a lot of areas with no

predicted-presence that have similar habitat characteristics as the presence points. The
predictive ability of this model may be limited because of the small sample of hens that
the brood data came from. This may result in individual preferences that the model is
unable to account for. The model is still useful, however, in determining areas within the
model extents that have similar habitat attributes as the actual brood sites. Further field
studies should attempt to increase the sample size of brood-rearing hens monitored as
well as search the predicted high probability of presence areas for the presence of broods.
Additionally, broods are often associated with riparian habitat, which is not readily
available within the Bald Hills study area (Connelly et al. 2000, Crawford et al. 2004).
Incorporating an accurate moisture or soils dataset may further improve the predictive
ability of the Brood model. Current moisture and soils datasets are not fine-scale enough
to detect differences within the Bald Hills study area (UDWR 2010).

The projected CCFO Brood model had low sensitivity as a predictor of brood-
rearing habitat in other populations, exemplified by the low number of Hamlin Valley
presence points accurately predicted (Fig. 4-11). This is likely due to 1) different
elevation preferences in other populations; elevation was the top model contributor, 2)
other populations requiring smaller habitat patches; the model predicts small areas of
suitable brood-rearing habitat near the Hamlin Valley telemetry locations, and/or 3) local
habitat alteration is an important predictor of brood-rearing habitat in southern Utah;
removing the habitat treatment variable (second highest model contributor to the Bald
Hills model) resulted in a less predictive model. All of these factors are likely to

influence the predictive ability of projected habitat suitability models. Results such as this
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further emphasize the influence of local management techniques and their importance

when considering suitable sage-grouse habitat. | was unable here, however, to assess
different habitat treatment types or fire intensities as covariates. | do not recommend
large-scale habitat alteration projects without further investigation about how specific
treatments impact sage-grouse in both short-term and long-term studies. | do suggest that
using larger-scale habit models to plan management actions might overlook the influence
of local habitat management techniques, resulting in the improper alteration or

conservation of habitat.

Summer Models

The main predictors of suitable summer habitat in the Bald Hills model were
distance to nearest lek and elevation. Sage-grouse prefer to be near leks (< 2.5 km)
regardless of reproductive status, and at either low or high elevations (1,550 m — 1,600 m
or 2,300 m — 2,500 m). These top model predictors are similar to suitable summer habitat
variables predicted in an Oregon population using maxent (Freese 2009). The bimodal
distribution of elevation is unique, however, and may be indicative of two sub-
populations within the Bald Hills population adapting differently to low-moisture habitat
conditions (A. C. Burnett Chapter 2). The low-elevation birds primarily utilize
agricultural fields and adjacent lowland habitats. These birds are likely utilizing this
habitat to compensate for a lack of riparian-like habitat in the area. The agricultural fields
provide open water, lots of forbs, and high insect abundance. The high-elevation birds
primarily utilize the area that burned in the 2007 Greenville Bench wildfire. This area has
been re-seeded multiple times and provides native grasses and forbs, another possible

substitute for the lack of sustainable riparian habitat (Appendix Table A.1; A. C. Burnett



139
Chapter 3). These local adaptations further emphasize the unique habitat preferences

within the Bald Hills population and management should reflect these different strategies.
The Summer Bald Hills and CCFO models had the same 3 top predictor variables.
The CCFO model had some minor sensitivity issues within the Bald Hills model extents.
The non-predicted presence locations within the Bald Hills model extents likely represent
outlier individuals, pre-migratory movements, and/or emigration attempts (A. C. Burnett
Chapter 2). The sensitivity was more problematic in the Hamlin Valley area, indicated by
many presence points in areas that were not predicted as having suitable habitat (Fig. 4-
16). The non-predicted presence locations in the Hamlin Valley area may indicate
differing landscape-scale habitat use patterns between the two populations. This could be
from the Hamlin Valley birds selecting for 1) landscape-scale variables other than
distance to lek, elevation, and distance to high speed roads, 2) different variable
responses to the variables included in the model, or 3) variables at a different resolution
than examined here. The Bald Hills population has already been found to have different
vegetation use patterns as compared with other populations (A. C. Burnett Chapter 3).
Isolation between the Bald Hills and other populations within the CCFO may have led to
differences in landscape-scale summer suitable habitat, as well (A. C. Burnett Chapter 2).
The presence/absence threshold map was successful in removing many isolated
patches of areas predicted as having medium/high probability of presence values. This
increased the accuracy because many of these areas were likely too small and isolated for
sage-grouse to occupy. The presence/absence map further decreased the model
sensitivity, however. This threshold may therefore be too limiting when predicting areas

with suitable summer habitat. It may be more effective to develop thresholds based on the



