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R packages for occupancy analysis

In this section, we'll cover the basic initial steps for applying fill patterns to eBird data. In Chapter 4, we used analytical approaches that took into account the change in detection. We modeled covariatas that are known to affect detection (e.g., duration, time of day) alongside covarias that affect occurrence.
In contrast, filling models jointly simulate the ecological process of species occurrence and the process of observing the detection of species, but evaluate them as separate processes. This model structure allows us to take into account the change in the likelihood of detection in assessing the occurrence
of species. In this section, we will not provide much detail about the theory and assumptions about the placement of models; However, there are plenty of background literature and applications of fill-in models, and readers looking to learn more about this area may want to consult a book on this topic
MacKenzie et al. (2017). Applying fill patterns typically requires data from repeated sampling visits (cases) on a single site during a time frame during which the population is closed (e.g., no changes in fill-in between surveys). Although eBird checklists are not designed to meet these requirements, you can
apply fill patterns to eBird data by pulling out a subset of data that matches the closing assumptions and corresponding to the duplicate data structure. Here we present a simple example of how to process eBird data to meet these requirements. To illustrate our example, we apply a single-season
placement model to assess the filliness and probability of thrush wood detection in the month of June for BCR 27. This section differs from the previous section on simulating meeting speed in two important ways. First, the random forest model used in Chapter 4 exemplifies the approach to machine
learning, while the fillability models used in this section take a more traditional approach to probability. This latest class of statistical models is widely used to address specific issues and hypotheses, while the purpose of machine learning is primarily to identify patterns and predictions (Bzdok, Altman and
Krzywinski 2018). Second, approaches to machine learning can accommodate complex non-linear effects and interactions between covarias, and are useful in modeling habitat associations that may differ on large spatial and temporal scales. By contrast, placement models are well suited to describe
linear effects and simpler interactions. In this example, we specifically focus on the mechanics of filtering and formatting data according to fill patterns, and less on the specifics of selecting appropriate predictor variables to assess the probability of identifying and placing to generate a set of candidate
models, used to select a model. The precursors we include are informed by our findings on variable assessments of the importance of Bunagkosy nicoBy mogens y 'nasi 4, a TakoX HaLli iICHYKO4i 3HAHHSA NPOo BUAW, WO MOAENOTLCA. AKLLO0 B NpaLoBasiv 3 nonepegHiMmm posaisiamu, B NOBUHHI MaTtu BCI
[AaHi, HeobXiaHI ANA uboro po3ainy. Bu Takox MoXeTe 3aBaHTaXWUTU NakeT AaHuX i po3nakysaTu inoro B katasor npoekTy. library(auk) library(lubridate) library(sf) library(dggridR) library(unmarked) library(raster) library(ebirdst) library(MuMIn) library(AlICcmodavg) library(fields) library(tidyverse) # resolve
namespace conflicts select &lt;- dplyr::select projection &lt;- raster::projection # set random number seed to insure fully repeatable results set.seed(1) # setup output directory for saved results if (!dir.exists(output)) { dir.create(output) } # ebird data ebird &lt;- read_csv(data/ebd_woothr_june_bcr27_zf.csv)
%&gt;% mutate(year = year(observation_date), # occupancy modeling requires an integer response species_observed = as.integer(species_observed)) # modis land cover covariates habitat &lt;- read_csv(data/pland-elev_location-year.csv) %&gt;% mutate(year = as.integer(year)) # combine ebird and
modis data ebird_habitat &It;- inner_join(ebird, habitat, by = c(locality_id, year)) # prediction surface pred_surface &lt;- read_csv(data/pland-elev_prediction-surface.csv) # latest year of landcover data max_Ic_year &lt;- pred_surface$year[1] r &lt;- raster(data/prediction-surface.tif) # load gis data for making
maps map_proj &lt;- st_crs(102003) ne_land &lt;- read_sf(data/gis-data.gpkg, ne_land) %&gt;% st_transform(crs = map_proj) %&gt;% st_geometry() bcr &lt;- read_sf(data/gis-data.gpkg, bcr) %&gt;% st_transform(crs = map_proj) %&gt;% st_geometry() ne_country_lines &lt;- read_sf(data/gis-data.gpkg,
ne_country_lines) %&gt;% st_transform(crs = map_proj) %&gt;% st_geometry() ne_state_lines &lt;- read_sf(data/gis-data.gpkg, ne_state_lines) %&gt;% st_transform(crs = map_proj) %&gt;% st_geometry() MNMo-nepLie, BUTArHe NiAMHOXUHY AaHuX eBird, sika Bignosigae npunyLweHHAM Moaenei
3anoBHIOBAHOCTI, @ NOTIM MU BMKOHAEMO MPOCTOPOBE NIAMHOXMHY A1 60pOTbOM 3 NPOCTOPOBOI YyNepesKeHICTI0 B AaHUX. MoYyHeMO 3 (hisibTpauil Hawmnx gaHnx, o6 BKIKYUTY TiSIbKM KOHTPOIbHI CNCKK 3 5 aB0 MeHLe cnocTepiradis, Wo6 3MeHLWNTN Jpkepena 3MiHWU B BUAB/EHHI, | TOMY, LLO € Ay)Xe Masio
KOHTPOJ/IbHUX CMUCKIB 3 GiNbLL HXX 5 cnocTepiradiB. KpiMm Toro, My NiAMHOXUMO CMIOCTEPEXEHHSA A0 OCTAaHHLOrO POKY, ANSA SKOro MM Maemo gaHi (2019), wo6 BiagnoBigaTv 0AHOCE30HHIN MoAeNi PO3MILLEHHSA. # (DiNbTP Nepen CTBOPEHHSAM AaHUX Mogeni po3milleHHs ebird_filtered &lt;- filter(ebird_habitat,
number_observers &lt;= 5, year == max(year)) Y gesknx cutyauisx BU MoXxeTe A0AaTKOBO (DiNbTpyBaTh AaHi 3a pe3ynibTaTaMu po3BidyBaslbHOIo aHanily, aHas10riyHoro Tomy, sikuin NPoBOAMBCS B po34ini 2.5. He3Baxatoum Ha Te, WO GiNbLICTb KOHTPOJIbHUX CMIMCKIB Y LiIbOMY NpuKNagi npeactaBrieHi 2 abo
MEHLLIOO KiJIbKICTIO crnocTepirayis, My He 6yAemMo A0AAaTKOBO (DifibTPyBaTM CNOCTEPEXEHHS A/ HALWOro npukniagy posmiweHHsa. 3 additional limitations for data suitable for filling modeling, filling, to save more checklists at this point. Next, we need to create a discovery history for each location we define as
a site. In this example, we define the Month of June as the time period during which we assume that there are no changes in the fulcility between secondary sampling cases for Wood Thrush in BCR 27. The time frame over which closure can be assumed will differ among species and terrains, requiring
careful consideration. We define the site as a specific location (latitude/longitude) visited by at least twice the same observer during the closing period defined by us (i.e. the month of June). The auk filter_repeat_visits() function is designed to extract a subset of eBird data suitable for filling modeling. Using
the feature, we first filter data only on sites that have at least 2 visits (min_obs). We also define the maximum number of repeat visits (max_obs) as 10 visits or checklists. When a particular site has been visited more than 10 times, the feature randomly selects 10 checklists from all visits to that site. If we
had data for more than one year, we could have used annual_closure =TRUE to determine that populations are closed within specified timeframes for a given year, but not closed between years. In other words, the appearance does not change from one re-visit to the next for this sampling event (e.g.
year), but may vary between years. If we want to define closing periods over the years, we can identify them in terms of the number of days n_days. For example, n_days = 10 will define adjacent sets of 10 days, starting with the oldest observation date in the data, and use them as consecutive closing
periods. Here we do not define n_days and consider all checklists of June 2019 as repeat visits for one season. Finally, the site_vars defines a set of variables that defines the site. In this example, the site is shared by location and observers. Any set of data variables can be used to identify sites. For
example, site_vars = locality_id can be used to identify sites that use the location independently of the observer. occ &lt;- filter_repeat_visits(ebird_filtered, min_obs = 2,max_obs = 10, annual_closure = TRUE, date_var = observation_date, site_vars = c(locality _id, observer_id)) # the entire data set
nrow(ebird_habitat) #&gt; [1] 48450 # reduced data set nrow(occ) #&gt; [1] 3724 # number of individual sites n_distinct(occ$) #&gt; [1] 988 This feature n_distinct(occ$) #&gt; [1] 988 filter_repeat_visits() added three new columns to the data set: the site is a unique site IDENTIFIER (here, location and
observer), closure_id defines the primary closing period (in this example, year), and n_observations determines the number of visits to each site. Our capture stories now are formatted for the single-season placement model and are ready for analysis. Note that we made a compromise on the sample size
by dropping the reset 10,415 checklists to 3,724 checklists at 988 sites. We will use our filtered observations in accordance with the single-season placement model using unmarked R packaging. For more information about the type of data format required for this package, refer to the documentation for
the unmarkedWide() function format. The auk format_unmarked_occu() function converts data from a vertical format in which each row is observed (as in EBD) into a horizontal detection history, where each row is a site. In this format, each column represents a repeat visit— for this example, we will have
up to 10 columns of detection events. This data format is commonly used for most applications of the placement model, including without markup. At this stage, we need to specify what variables will be the ecological process (i.e. filling) with covarias, and which will be the observation process (i.e.
detection) of kovariat. Covariates (site_covs) fill will be unique at the site level, while covariates (obs_covs) detection can also be unique to each site, as well as the case of sampling (i.e. checklist). For this example, we will use MODIS land cover variables as habitat covariates to model the likelihood of
Wood Thrush filling. Based on measures of prognostic importance from Chapter 4, we include deciduous broadleaf forests and mixed forests as types of habitats for which we expect positive relationships with filling, and farmland and urban ones for which we expect negative relationships. To assess the
likelihood of detection, we include three variable efforts related to the detection process. The type of habitat has been shown to affect detection in bird species, such as some species harder to detect in densely forested habitats relative to more open habitat types. As such, we also include deciduous
broadleaf forest and mixed forest as covariates to detect probability. Filling patterns allow us to tease out the different effects of habitat on both detection and probability of filling. # format for unmarked occ_wide &lt;- format_unmarked_occu(occ, site_id = site, reply = species_observed, site_covs =
c(n_observations, latitude, longitude, pland_04_deciduous_broadleaf, pland_05_mixed_forest, pland_12_cropland , pland_13_urban), obs_covs = c(time_observations_started, duration_minutes, effort_distance_km, number_observers, protocol_type, pland_04_deciduous_broadleaf,
pland_05_mixed_forest)) As discussed in section 4.3, spatial beeping observations eBird reduces spatial bias. We will use the same hexagonal approach to subcamping as in Chapter 4; however, here we will obey at the level of sites, not observations. For this example, we will try one site for 5 cell of the
grid. Note that because we are not observer _id the site definition, this sublinguation process will select only one line or set of visits from one observer to the within each cell 5 km. # generate hexagonal grid with ~5 km between dggs &lt; -dgconstruct(spacing=5) #=get=hexagonal=cell=id=for= each= site=
occ_wide_cell=&gt;&It;/-&gt; &lt;- occ_wide= %=&gt;%mutate(cell=dgGEO_to_ SEQNUM(dggs, longitut latitude)$seqnum) # sample of one site per grid cell occ_ss &lt;- occ_wide_cell= %=&gt;%group_by(cell) %&gt;%sample_n(size = 1) %&gt;% ungroup() %&gt;%select(-cell) # calculate the percentage of



decrease in the number of sites 1 - nrow(occ_ss) / nrow(occ_wide) This led to a decrease in the number of sites by 41% Finally, we will turn this observation data frame into an unmarked object so that we can start adapting the placement models. &lt;- formatwide(occ_ss,= type=unmarkedFrameOccu )=
summary(occ_um)= #=&gt;occ_um object #&gt; #&gt; 584 site #&gt; Maximum number of site observations: 10 #&gt; Total number of site observations: 3.86 #&gt; Sites with at least one detection: 64 #&gt; #&gt; Tab y observations: #&gt; 0 1 &It;NA&gt;#&gt; 2125 128 3587 #&gt; #&4gt; Site-level
covariates: #&gt; n_observations latitude longitude pland_04_deciduous_broadleaf pland_05_mixed_forest pland_12_cropland #&gt; Min. :29.7 mins. :-91.4 min. :0.000 Min &gt;. 000 1st qu.:0. 000 1st qu.:0. 000 #&gt; Median : 2.00 Median :33.1 Median :-81.4 Median :0.000 Median :0.000 Median :0.000
#&gt; Average : 3.86 Average:33.2 Medium :-82.0 Average:0.054 Average:0.047 Average:0.025 #&gt; 3rd Qu.: 5.00 3 Qurd.:35.1 3rd Qu.:-78.3 3 Qu.:0. 032 3rd Qu.:0. 000 3rd Qu.:0. 000 #&gt; Max.: 10.00 Max.&gt; &gt; &gt; pland_13 urban: 37.4 Max. 000 #&gt; Median:0.000 #&gt; Medium:0.153 #&gt;
Q3:0. 194 #&gt; Max.: 1.000 #&gt; #&gt; Observation-level covariates: #&gt; time_observations_started duration_minutes effort_distance_km number_observers protocol_type pland_04 deciduous_broadleaf #&gt; Min. Min. :1 Length:5840 Min &gt;. 1st Qu.:1 class:symbol 1st Qu.:0 #&gt; Median :10
Median : 35 Median :0 Median :1 Mode:symbol Median:0 #&gt; Average:12 Average: 53 Average:1 Average:1 Average:0 #&gt; 3rd Qu.:16 3rd Qu.: 70 3rd Qu.Qu:1 3rd Qu.:1 3rd Qu.:0 #&gt; Max.:24 Max.:300 Max. :5 Max. :4 Max. :1 #&gt; NA:3587 NA:3587 NA:3587 NA:3587 NA's :3587 #&4t;

pland_05 mixed_forest #&gt; Min. :0 #&gt; 1 thousand: #&gt; Median:0 #&gt; Average:0 #&gt; 3rd Qu.:0 #&gt; Max. :1 #&gt; NA:3587 Now that we've created a data frame with detection history and covarias, we can use unmarked to fit the single-season fill model. As mentioned above, readers can learn
more about fill-in models and the variety of modeling approaches at MacKenzie et al. (2017). Here we are simply approaching the single-season model of placing our data using the occu() function, specifying the detection and filling of the covarias, respectively, using the dual right form ~ koBapiatiB ~
3anoBHIOBaHICTb KoBapiartiB. # &It;/NA&gt;&lt;/-&gt;&lt;/-&gt; &It;/-&gt; &lt;/NA&QL; &It;/-&gt;&lt;/-&gt;&lt;/-&gt; model occ_model &lt;- occu(~ time_observations_started + duration_minutes + effort_distance_km + number_observers + protocol_type + pland_04_deciduous_broadleaf + pland_05 mixed_forest ~
pland_04_deciduous_broadleaf + pland_05_mixed_forest + pland_12_ cropland + pland_13 urban, data = occ_um) # look at the regression coefficients from the model summary(occ_model) #&gt; #&gt; Call: #&gt; occu(formula = ~time_observations_started + duration_minutes + #&gt; effort_distance_km
+ number_observers + protocol_type + pland_04 deciduous_broadleaf + #&gt; pland_05_mixed_forest ~ pland_04_deciduous_broadleaf + pland_05_mixed_forest + #&gt; pland_12_ cropland + pland_13_urban, data = occ_um) #&gt; #&gt; Occupancy (logit-scale): #&gt; Estimate SE z P(&gt;|z|) #&gt;
(Intercept) -2.04 0.242 -8.399 4.49e-17 #&gt; pland_04_deciduous_broadleaf 5.48 1.897 2.889 3.86e-03 #&gt; pland_05_mixed_forest 1.27 0.828 1.536 1.25e-01 #&gt; pland_12 cropland -1.07 1.992 -0.538 5.90e-01 #&gt; pland_13 urban -1.91 0.978 -1.956 5.05e-02 #&gt; #&gt; Detection (logit-scale) :
#&gt; Estimate SE z P(&gt;|z]) #&gt; (Intercept) -1.16869 0.56714 -2.061 0.03934 #&gt; time_observations_started -0.00305 0.03038 -0.100 0.91996 #&gt; duration_minutes 0.00634 0.00318 1.992 0.04633 #&gt; effort_distance_km -0.22876 0.13539 -1.690 0.09109 #&gt; number_observers 0.07085
0.30928 0.229 0.81882 #&gt; protocol_typeTraveling 0.71787 0.39297 1.827 0.06773 #&gt; pland_04_deciduous_broadleaf -0.26478 0.64762 -0.409 0.68265 #&gt; pland_05_mixed_forest 2.66054 1.01091 2.632 0.00849 #&gt; #&gt; AIC : 694 #&gt; KinbkicTb canTis: 584 #&gt; optim koa 36mKeHHs: 0
#&gt; onTuMaribHi iTepauii: 55 #&gt; NMoyaTkoBe 3aBaHTaXEHHS iTepauii: 0 Xoya Masio Ao6poTy NpuAaaTHUX TECTIB iICHYIOTb A4S MOAENEN 3an0BHIOBAHOCTI, MM AEMOHCTPYEMO, SIK BUKoHaT MacKenzie i Bailey (2004) xopowuwnii TecT. Takuii nigxig 064ncnioe ctatncTuky ym-kBagparta NipcoHa 3
CMoCTepexXyBaHWX i O4iKyBaHMX 4YacTOT ICTOPIi BUAB/IEHHA AN1S AaHOI MoAeni. Y Lbomy npuknazi Mym BUKOPUCTOBYEMO TeCTOBY pyHKUit0 mb.gof.test() y nakeTi AICcmodavg, sika Moxe 06po6saTV MoAenNi 3anoBHIOBAHOCTI, BUPOOG/1eHi (pyHKUie occu() 6e3 po3miTKL. 3BEPHITb yBary, WO 419 OTPUMaHHSA
TOYHMX pe3y/bTarTiB Leil NpoLec BUMarae imitauii BesIMKoT KifIbKOCTi 3pa3kiB 3aBaHTaXKyHKM, L0 MOXe 3aiHATK 6araTo vacy A/1s 3anycky. o6 36eperty yac BUKOHaHHSA pO3yMHUM, M BCTaHOB/IOEMO nsim = 10, wo6 imityBaty 10 3paskiB 418 UbOoro npuknagy; ogHak, npun 3anycky Lboro 3a 3BuyaiiHmx
06CTaBVH, B/ NOBWHHI 36i/1bLWMTK Le A0 Habarato 6inbLUoi KiIbKOCTi cumynauii (Hanpuknag, nsim = 1000). occ_gof &lt;- mb.gof.test(occ_model, nsim = 10, plot.hist = FALSE) # npuxoBatu Tabnuuto chisq, wo6 aatu 6inbw npoctuin Buxig occ_gof $ chisq.table &lt;- NULL print(occ_gof) #&gt; #&gt;
MacKenzie i Beini gobpoTta-nigxoauTb N8 0AHOCE30HHOT MOoAe i 3anoBHIOBaHOCTI #&gt; #&gt; Ctatuctuka Chi-square = 1555 #&gt; KinbkiCTb 3paskiB no4aTKoBOro 3aBaHtaxeHHsa = 1000 #&gt; = 0.621 #&gt; #&gt; KBaHTWUMI CTAaTUCTUKN 3aBaHTaxeHHS: #&gt; 0% 25% 50% 75% 100% #&gt; &gt; &lt;1&gt;
&lt;6&gt; 537 1387 1715 2254 35800 #&gt; #&gt; OuiHka c-hat = 0,73 Ana yboro npuknagy npuknagy obtaining calculated chi-square statistics under the zero sample distribution is indicated by a p-value of 0.621. How &gt; 0.1 no reason to consider the lack of a fit. We also get an overreail value (c-hat) for
a model that comes by dividing observed chi-square statistics using statistics derived from modeling. In this example, c-hat = 0.73, which is very close to c-hat = 1, indicates that the variance is no greater than the perch, and that there is no evidence of excessive overreaction. Again, under normal
circumstances we would like to run a lot more syming, but based on this smaller run, the test statistics suggest that there is no evidence of a lack of suitability for this model to this data. See MacKenzie and Bailey (2004) for more information on this test. So far, we have a single global model that includes
all covariates that we believe will affect the likelihood of filling up and detecting. In general, we propose to carefully consider when choosing a set of models of candidates that will be launched and comparable during the selection of the model. In this example, we will use the dredge() function to create a
set of candidate models using different combinations of covarias in the global model. It will take a while to run, and therefore recommend choosing carefully candidate model sets instead of this approach. # dredge all possible combinations of the occupancy covariates occ_dredge &lt;- dredge(occ_model)
# model comparison to explore the results for occupancy mc &lt;- as.data.frame(occ_dredge) %&gt;% select(starts_with(psi(p), df, AlCc, delta, weight) # shorten names for printing names(mc) &lt;- names(mc) %&gt;% str_extract((?&lt;=psi\\(pland_[0-9{2} )[a-z_]+) %&gt;% coalesce(names(mc)) # take a
quick peak at the model selection table mutate_all(mc, ~ round(., 3)) %&gt;% head(18) %&gt;% knitr::kable() 5.43 1.34 -1.84 7 686 0.000 0.028 5.16 1.31 -1.88 9 687 0.390 0.023 5.76 -2.03 6 687 0.397 0.023 5.54 -2.07 8 687 0.687 0.020 5.45 1.28 -1.85 8 687 1.038 0.017 5.78 -2.04 7 687 1.225 0.015
5.40 1.30 -1.88 7 688 1.408 0.014 5.34 1.37 -1.85 8 688 1.546 0.013 5.74 -2.07 6 688 1.656 0.012 5.33 1.30-1.05-1.90 8 688 1.733 0.012 5.41 1.34 -1.84 8 688 1.967 0.011 5.62 -1.26 -2.10 7 688 1.981 0.011 5.68 -2.05 7 688 2.033 0.010 5.38 1.41 -1.87 6 688 2.045 0.010 5.34 1.34 -1.85 8 688 2.047
0.0105.431.34-1.84 8 688 2.056 0,010 5,06 1,27 -1,09 -1,94 10 688 2,105 0,010 5,39 -1,30 -1,30 -0,010 2.14 9 688 2.249 0.009 BunpasneHuii iHchopmauiiHnin kputepin Akaike (AICc) BUMIpOE MMOBIPHICTb TOTO, LLIO KOXHA MOAENb reHepye AaHi, ki MM CnocTepiranun, CKOpUroBaHi Ha KinbkiCTb
napameTpiB y mogesi. Lower values indicate models with better fits to data, punishing for the added number of parameters. Delta is the difference in AlCc values between this model and the model that most likely generated data (i.e. one that the lowest AlCc), and is relatively conditional on the set of model
candidates. Finally, the weight of the AIK is a delta transformation that can be interpreted as the likelihood that this model is the most likely one of the models of candidates who generated data, and is also conditional on a set of candidate models. A quick glance at dredging results, focusing on visualizing
what most affects the likelihood of filling up, shows that for Wood Thrush's example, there is no clear single model, or even a small set of models, that are more likely to spawn our data. This is evident from the number of models that all fall under the Delta AICc~2-3 value, and the large number of models
with moderate AIC weights. With that in mind, and the fact that all of our effects are linear and use the same family and communication feature, we'll average all AlICc-weighted models to get an average prediction model. However, there may be scenarios in which there is a clear set of highly effective
models, in which case you can use the get.models() function to extract only these models to averaging. For the sake of efficiency, we will only average the top models that we will define as those collectively composed of 95% weight. This will trivialize the results because models with less support have very
low weights and therefore contribute little to weighted average projections. # select models with the most support for model averaging (&It; 2.5 delta aicc) occ_dredge_delta &lt;- get.models(occ_dredge, subset = delta &lt;= 2.5) # average models based on model weights occ_avg &lt;-
model.avg(occ_dredge_delta, fit = TRUE) # model averaged coefficients for occupancy and detection probability coef(occ_avg) #&gt; psi(Int) psi(pland_04_deciduous_broadleaf) psi(pland_05_mixed_forest) #&gt; -1.99418 5.47373 1.32462 #&gt; psi(pland_13_urban) p(Int) p(duration_minutes) #&gt; -
1.94454 -1.05931 0.00573 #&gt; p(pland_05_mixed_forest) p(effort_distance_km) p(protocol_typeTraveling) #&gt; 2.84740 -0.18494 0.55552 #&gt; psi(pland_12_cropland) p(time_observations_started) p(pland_04_deciduous_broadleaf) #&gt; -1.17179 0.00520 -0.04471 #&gt; p(number_observers) #&gt;
0.01248 In this table , the psi() coefficients are from the occupancy submodel and the p() coefficients are from the detection submodel. based on these results, we see that an increase in deciduous broadleaf forest has a much stronger effects on occupancy probability than an increase in mixed forest. As
expected, the increase in the percentage of urban area and farmland as a decrease in the likelihood of accommodation. A unique feature of placement models is that we can investigate whether certain covarias specifically affect the likelihood of detection separately from any impact on occurrence that
was not possible through a machine learning approach in Chapter 4. In particular, we have already seen that koBapiaTi BN/iMBalTb Ha 3aNOBHIOBAHICTb, a/1e MY MOXEMO OLLIHUTK, SIK Lii KOBapiaTu BNANBaOTb HA MMOBIPHICTb BUSIBNIEHHS, BUKOPUCTOBYOUM Ty camy MOAE/b, L0 YCEPEAHIOE pe3ybTaTu, siKi
MU 3reHepyBai BULLE, YMOBHI Ha HasiBHIi | NOTEHUINHO BUABNEHIV NTULI. M1 BKTHOUMAN NUCTAHUIA lWUMpokonuctuid nic (pland_04) is 3miwaxunii nic (pland_05) sik BUSIBNEHHS KOBapiaTiB y rnobasibHii Mogeni. # NOPIBHAHHA MoAeni ANS BUBYEHHS pe3ynibTaTiB aAnsa BusaBneHHa md &lt;-
as.data.frame(occ_dredge)= %=&gt;% select(starts_with(p(), df, AICc, genbTa, Bara) # cCKOpoTUTH iMeHa ana apyky imeH (md) &lt;- names(md)= %=&4gt;% str_extract((?&It;=p\\(pland_[0-9]{2} )[a-z_]+) %=&gt; % coalesce(names(md)) # take a quick peak at the model selection table md[1:18,] #&gt; p(Int)
p(duration_minutes) p(effort_distance_km) p(humber_observers) deciduous_broadleaf mixed_forest p(protocol_type) #&gt; 1426 -0.972 0.00530 NA NA NA 2.71 &It;NA&gt;#&gt; 1460 -1.166 0.00652 -0.2158 NA NA 2.75 + #&gt; 1170 -1.043 0.00546 NA NA NA 3.02 &lIt;NA&gt;#&gt; 1204 -1.245 0.00653 -
0.2096 NA NA 3.04 + #&gt; 1458 -1.120 0.00436 NA NA NA 2.87 + #&gt; 1202 -1.202 0.00441 NA NA NA 3.16 + #&gt; 1457 -0.926 NA NA NA NA 2.75 + #&gt; 1428 -0.929 0.00645 -0.0742 NA NA 2.62 &It;NA&gt;#&gt; 1201 -1.007 NA NA NA NA 3.04 + #&gt; 1938 -0.967 0.00527 NA NA NA 2.71
&It;NA&gt;#&gt; 1490 -1.079 0.00549 NA NA NA 2.74 &lt;NA&gt;#&gt; 1682 -1.033 0.00541 NA NA NA 3.00 &lt;NA&gt;#&gt; 1172 -1.004 0.00650 -0.0670 NA NA 2.94 &It;NA&gt;#&gt; 1425 -0.598 NA NA NA NA 2.43 &lt;NA&gt;#&gt; 1434 -0.984 0.00531 NA NA 0.0596 2.73 &lt;NA&gt;#&gt; 1430 -0.974
0.00530 NA 0.00154 NA 2.71 &It;NA&gt;#&gt; 1972 -1.162 0.00648 -0.2165 NA NA 2.74 + #&gt; 1716 -1.237 0.00648 -0.2104 NA NA 3.02 + #&gt; p( time_observations_started) df AICc delta weight #&gt; 1426 NA 7 686 0.000 0.02827 #&gt; 1460 NA 9 687 0.390 0.02326 #&gt; 1170 NA 6 687 0.397
0.02318 #&gt; 1204 NA 8 687 0.687 0.02005 #&gt; 1458 NA 8 687 1.038 0.01683 #&gt; 1202 NA 7 687 1.225 0.01533 #&gt; 1457 NA 7 688 1.408 0.01398 #&gt; 1428 NA 8 688 1.546 0.01305 #&gt; 1201 NA 6 688 1.656 0.01235 #&gt; 1938 8 688 1.733 0.01189 #&gt; 1490 0.00888 8 688 1.967 0.01057
#&gt; 1682 7 688 1.981 0.01050 #&gt; 1172 7 688 2.033 0.01023 #&gt; 1425 6 688 2.045 0.01017 #&gt; 1434 8 688 2.047 0.047 0.01016 #&gt; 1430 8 688 2.056 0.01011 #&gt; 1972 10 688 2.105 0.000987 #&gt; 1716 9 688 2.249 0.00918 From these results, it's clear that several of our work covariates
do not influence protein-mainly protocol type and the number of observers. OgHak, TOMy 4nc/i cepefoBuLLe NpPoxnBaHHsa Covariates-ocob61MBO 3MiLlLaHi Nic BNIMHYN Ha BUSABNIEHHS MMOBIPHOCTI, SIK Le cnoctepiraetbes BigMiHHOCTI AIC to AIC Baru gnsa mogenei, siki BKIoYaloTh Lel KoBapiaT. JasaiTe
NOAVBUMOCSA Ha y3arsfieHHA koediyieHTiB mogeni, wo6 nobaynT, Sk BOHM BINJIMBaKOTh HA BUSIB/IEHHA Ta 3an0BHIOBaHICTb. coef(occ_avg) %&gt;% enframe() #&gt; # Tibble: x 2 #&gt; 3HaueHHsA iMeHi #&gt; &lt;chr&gt; &lt;dbl&gt;#&gt; 1 psi(Int) -1.99 #&gt; 2 psi(pland_04_deciduous_broadleaf ) 5.47 #&gt; 3
psi(pland_05_mixed_forest) 1.32 #&gt; 4 psi(pland_13 urban) -1.94 #&gt; 5 p(Int) -1.06 #&gt; 6 p(duration_minutes)&lt;/dbl&gt; &lt;/chr&gt; &It;/NA&gt; &It;/NA&gt; &lt;/NA&QL; &It;/NA&QGL; &It;/NA&gt; &lt;/NA&gt; &lt;/NA&QL; &It,/NA&QGL; &lt;/NA&gt; &lt;/NA&gt; &lt;/=p\\(pland_[0-9]{2} )[a-z_]+)&gt; &lt;/-&gt;
&lt;/-&gt; &lt;/-&gt; #&gt; # ... 3 We 7 paakiB 3HOBY X Taku, psi() koeduilieHTn 3 nigmoaeni 3anoBHBaHOCTI i p() KoedilieHTV 3 BUSABNEHHS cyomoaeni. AN BUABNEHHS NMOBIPHOCTI MM 6@24MMO, L0 X04a SIMCTAHWUIA Nic 36iM1bLye NMOBIPHICTb 3arn0BHIOBAHOCTI AePEeBUHN MOTOYHNL, e 3MEHLUYE NMOBIPHICTb
BUSIB/IEHHS, OCKi/IbKM NTaxiB Baxye 6a4nTu i UyTu B ryctomy nici. OgHak 3MillaHunii fic NO3UTUBHO BM/IMBAE AK HA 3aMOBHIOBAHICTb, Tak | HA MMOBIPHICTb BUAB/IEHHSA. 34ATHICTb APaXKHUTY Pi3Hi edpekTn, SKi KoBapiaTi MatoTb Ha BUSAAB/IEHHS | 3aNOBHIOBAHICTb € OZLHIEI 3 CU/IbHUX CTOPIH 3an0BHIOBAHOCTI
MOZENOBaHHSA. Y LUboMy po3aini mu ouiHumMo po3snogin Wood Thrush B BCR 27. Moai6bHo ao posainy 3.4, Mn 6yaemMo reHepyBaTu NOBEPXHIO MPOrHO3yBaHHS 3a A0MNOMOrol covariates s3emenibHoro nokpmey PLAND, 3BejeHOro Ha 3BKYaiiHil ciTui Touok yepes BCR 27. 151 UbOro Mn BUKOPUCTOBYBaTUMEMO
doyHKujto predict() 4NA OUiHKM MMOBIPHOCTI 3aN0OBHIOBAHOCTI, CTaHA4APTHUX NOMWUJIOK | iIHTepBasiiB Aosipn. My 6ygemo BukopuctoByBatu predict() Ha Buxogi model.avg() A4nst NPorHo3yBaHHs, BUKOPUCTOBYOUM YCepeaHio KoeduilieHT Moeni Bi4 Mogesni kaHanaara, BCTaHOBMNEHOT 3 npuHaiiMHi 95%
KyMynaTuBHOT Barn AlIC. # npumiTKa: Kof, HMX4Ye MoXe 3aiHATY A0 roamHun, wob sanyctutn! occ_pred &lt;- predict(occ_avg, newdata = as.data.frame(pred_surface), type = state) # add to prediction surface pred_occ &lt;- bind_cols(pred_surface, occ_prob = occ_pred$fit, occ_se = occ_pred$se.fit) %&gt;%
select(latitude, longitude, occ_prob, occ_se) Next, we'll convert this data frame to spatial features using sf, then rasterize the points using the prediction surface raster template. r_pred &lt;- pred_occ %&gt;% # convert to spatial features st_as_sf(coords = c(longitude, latitude), crs = 4326) %&gt;%
st_transform(crs = projection(r)) %&gt;% # rasterize rasterize(r) r_pred &lt;- r_pred[[c(occ_prob, occ_se)]] # save the raster tif_dir &It;- output if (!dir.exists(tif_dir)) { dir.create(tif_dir) } writeRaster(r_pred[[occ_prob]], filename = file.path(tif_dir, occupancy-model_prob_woothr.tif), overwrite = TRUE)
writeRaster(r_pred[[occ_se]], filename = file.path(tif_dir, occupancy-model_se_woothr.tif), overwrite = TRUE) Finally, we can map these predictions! # project predictions r_pred_proj &lt;- projectRaster(r_pred , crs = map_proj $projastring, metog = ngb) par(mfrow = c(2, 1)) ansa (Hm B imeHax(r_pred)) {
r_plot &lt;- r_pred_proj[[nm]] par(mar = c(3.5, 0.25, 0.25, 0.25)) # BcTaHoBUTY AinsHky ainsHku(ber)), col = NA, border = NA) plot(ne_land, col = #dddddd, border = #888888, Iwd = 0.5, add = TRUE) # iiMOBIpHiCTb po3MilLleHHs @60 cTaHJapTHa NOMUIKa, AKWwo (nm == occ_prob) { HasBa &lt;- IMOoBIpHicTb
3anoBHIOBAHOCTI AepeBnHM MosoyHuli brks &lt;- seq(0, 1, length.out = 21) Ibl_brks &lt;- seq(0, 1, length.out = 11) %&gt;% round(2) } else { title &It;- HeBn3Ha4eHicTb 3aN0OBHIOBAHOCTI AepeBnHM MosiovHuLi (SE) mx &lt;- ctens (1000 * cellStats(r_plot, max)) / 1000 brks &lt;- seq(0, mx, length.out = 21)
Ibl_brks &lt;- mx, length.out = 11) %&gt;% round(2) } pal &lt;- &It;- - 1) plot(r_plot, col = pal, breaks = brks, maxpixels = ncell(r_plot), nerenga = FALSE, gogatn = TRUE) # mexi ctoxeTy (bcr, mexa = #000000, col = NA, lwd = 1, gogatn = TRUE) ctoxeT (ne_state_lines, col = #ffffff, Iwd = 0.75, gogatn =
TRUE) ctoxeT (ne_country_lines, col = #ffffff, Iwd = 1.5, pogatn = TRUE) box() # legend par(new = TRUE, mar = c¢(0, 0, 0, 0)) image.plot(zlim = range(brks), legend.only = TRUE, breaks = brks, col = pal, smallplot = ¢(0.25, 0.75, 0.06, 0.09), ropmn3oHTanbHuin = TRUE, axis.args = list(at = Ibl_brks, eTukeTkn
= Ibl_brks, fg = yopHuiA, col.axis = YopHuii, cex.axis = 100000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000.75, Iwd.ticks = 0.5, padj = -1.5),
legend.args = list(text = title, side = 3, col = black, cex = 1, line = 0)) } Bzdok, Danilo, Naomi Altman i Martin Krzywinski. 2018. «To4kun 3Ha4yLOCTi: CTaTUCTMKA NPOTM MALLMHHOIO HaBYaHHs». MNpupogHi metoam 15 (kBiTeHb): 233—34. . MakkeHsi, [epin I., i lapuca J1. beiini. 2004. «OujiHka NpuaAaTHOCTI
MoAenen canTy-po3MilleHHs». XXypHau CisibCbKOrocnoaapcbkoi, 6i0n10rivyHoi Ta ekonoriyHoi ctatuctnkm 9 (3): 300-318. MakkeHsi, Aepin I., xenmc 4. Hikonc, k. 2017. OuiHka Ta MoAeNntoBaHHs 3anoBHIOBAHOCTI: BUBOAUTN 3aKOHOMIPHOCTI Ta AMHaMiKy BUHUKHEHHS BMAIB. Elsevier. Elsevier.
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