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Map 4 (left): Species with a listed threat of Agriculture, 2.1 in the Philippines
Map 5 (right): Species with a listed threat of Agriculture 2.2 in Borneo.

Map 6: Distribution of species that are being hunted and collected
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When species under Agriculture threats were plotted (2.1), the focus was placed on
areas occupied by threatened amphibians. Maps 4 and 5 show the high intensity of species
listed with this threat in Borneo and the Philippines. In Malaysia, the distribution of species with
agricultural threats falls in line with the distribution of threatened species described above.
There are more than 13 species with agricultural threats in Malaysia, and neighboring Indonesia
contains a pocket in the Southwest region with 7-9 species. Borneo and the Philippines both
have high concentrations of species threatened by Agriculture.

Species that are threatened by hunting and collecting of terrestrial animals (5.1) (Map 6)
have a different distribution. While there are some species (3-5) that are listed as being
threatened by hunting and collection in Maritime Southeast Asia (Brunei, East Malaysia,
Indonesia, Philippines, Singapore and Timor-Leste), the highest concentration of species that
are being hunted and collected can be seen in Indochinese peninsula (Cambodia, Laos,
Myanmar (Burma), Thailand, Vietnam and West Malaysia) with 16-20 species specifically in
Thailand and Vietnam.

For species threatened by energy production and mining (3.2) (Map 7), these threats are
distributed mostly in the Philippines and Indonesia. There are no recorded species in Borneo
and a limited number on the Indochinese peninsula. Similar to species threatened by energy
production and mining, there are a limited number of species that are recorded as threatened
by Human Intrusions and disturbance (6.1) (Map 8). A small pocket of species threatened by

Human intrusions and disturbance, however, can be found near Hanoi, Vietnam.
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Energy production and mining,
Mining and quarrying (3.2)

Human intrusions and disturbance,
_ Recreational activities (6.1)

Data Source: IUCN Red List 2018 Data Source: IUCN Red List 2018

Map 7 (left): Species threatened by mining.
Map 8 (right): Species threatened by human disturbances.

Invasive non-native/alien species/diseases (8.1)

1
2
3
4

Data Source: IUCN Red List 2018

Map 9: Species threatened by Invasive non-native species/diseases

Species threatened by invasive non-native/alien species/diseases(8.1)(Map 9) are

similar to energy production and mining in that there are a limited number of species affected.
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However, of the recorded threats, no threats are listed on Borneo. 1-2 species threatened by
invasive non-native/alien species/disease can be found in the found in the Philippines and 3-4
species affected by this threat process are located in Indonesia and Myanmar.

Natural system modifications paint a different picture. These threats are almost exclusively in

Indochina with concentrated pockets of up to 16-20 species located throughout (Map 10, map
11).

Natural System Modifications,

Natural System Modifications,
Fire and fire suppression (7.1)

Fire and fire suppression (7.1

] 1-2
3-7
8-10
1-15
16-20

iC oy Sources: Esn, USGS. NOAA
Data Source: IUCN Red List 2018 Data Source: IUCN Red List 2018

Map 10 (left): Species threatened by Fire and fire suppression (includes threats of all timing).
Map 11 (right): Close up of species threatened by Fire and Figure suppression (includes threats of all timing)

Finally, Residential and commercial threats were mapped. Unlike Agricultural threats
where many species overlapped areas containing high numbers of threatened species,
Residential and Commercial threat presence in Borneo is not as intense, with only 2-5 species
threatened by this threat process. In the Philippines, however, concentrated pockets of

residential and commercial development threats align with threatened areas (Figure 12, 13).
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Residential and commercial
development (1.1)
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Map 12 (left): Species threatened by residential and commercial development in Mindanao Islands,

Philippines.

Map 13 (right): Species threatened by residential and commercial development in Borneo.

IV. Discussion

In both global amphibian analyses and South and Southeast Asian amphibian analyses,

the number of threats affecting a species is correlated with its extinction risk, with greater

threat numbers seen in Vulnerable, Endangered and Critically Endangered species. Given the

variation in distribution as seen in the density distribution plots, threat count alone does not

predict extinction risk. The types of threats and life history traits of a species are important to

consider as well. In global amphibian analyses, the top five threats are two different types of

Agriculture, (annual & perennial non-timber crops and livestock farming & ranching), logging &

wood harvesting, Invasive non-native/alien species/diseases and Residential and commercial

development. In Southeast Asian amphibian analyses, the top threats are Residential and

commercial development, Agriculture (non-timber crops), logging and wood harvesting and

Pollution (agricultural and forestry effluents). Across all amphibians, habitat destruction is a
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prevalent and deadly threat. While the dramatic presence of habitat destruction in Southeast
Asia is reflected in this data, the presence of overharvesting threatened amphibians in
Southeast Asia is not. Overharvesting for the pet trade, medicinal uses and consumption is cited
frequently in the literature. However, the presence of this threat appears to be
underrepresented in the Red List data. Additionally, the difference between global amphibian
data threats and South and Southeast Asian threats illustrates the importance of finer scale
conservation strategies. Chytrid fungus, which would be represented under the threat 8.1
(Invasive non-native diseases) for example, has a strong presence in global amphibian data but
is in low numbers in the South and Southeast Asian amphibian data. While bd has recently been
detected in Southeast Asia, it appears as though the fungus is not driving significant declines in
the region (Le DTT et al. 2017). This is also represented in the first logistic regression where
invasive species as a threatening process did not increase the odds of being threatened or not
threatened.

Furthermore, although Southeast Asian amphibians have a high concentration of species
that are climate change vulnerable and threatened (Foden et al. 2013), there are relatively low
numbers of species that have climate change as a listed threat. However, climate change
numbers that are low or missing in Least Concern species are present in Critically Endangered
species. This is supported in the first logistic regression model, where climate change was a
significant variable in predicting whether or not a species is threatened or not threatened.
While this trend supports previous findings that vulnerable amphibians are threatened by
climate change, the number of species listed with climate change as a threat appears to be

underestimated. Another discrepancy in the Red List data can be seen when examining the
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threatening process Human intrusions and disturbance, H6.1. Despite the limited number of
species that have this recorded threat, from the logistic regressions it is considered a highly
significant predictor of whether a species is threatened or not threatened. When examining the
data closer, only species that had this threat listed were either Critically Endangered,
Vulnerable or Endangered. While human intrusions and disturbance clearly affect threatened
species, it is unlikely that other species in the area are not affected by this threatening process.
Therefore, Red List Assessors may be over assigning this threat process to threatened
amphibians even though this threat also affects other species in the area. This illustrates the
importance of a more objective assessment process of threats that will illuminate subjective
reporting.

In addition to potential biases, discrepancies in the data may be addressed by the lack of
recent assessments. Because the majority of the data was collected and assessed in 2004, the
threatening processes for some amphibian may be outdated or underestimated, given the high
presence of habitat destruction in the area and aggressive onset of climate change. In addition,
while the Red List now includes a threat score, a large number of threats are listed as either
Low Impact or NA. To increase the utility of Red List threat data, threat processes and impact
scores should be included regardless of Red List Status.

While the map of threatened species illustrates a high number of threatened
amphibians in Borneo and the Philippines, given the unique geological history of Maritime
Southeast Asia that encouraged speciation along with the high intensity of threats in the area,

the number of threatened species may be underrepresented by the Red List. In addition, the
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Indochinese peninsula has few threatened species, despite the fact that part of the region
contains tropical rainforest and is heavily affected by hunting of terrestrial animals.

Although the Red List is the most comprehensive tool for assessing plant and animal
extinction risk, it is evident from both these maps and from the results derived in the analyses,
that threat processes need to be given more attention for wide-scale analyses. Furthermore,
because Southeast Asian amphibians have data that is collected more than ten years ago,
several hundred species must be reassessed. Because Southeast Asia is a biodiversity hotspot
with a unique history and sound promise of containing high levels of species richness,
researchers should make Southeast Asia a conservation priority. By mapping threats and
analyzing how they interact with multiple species ranges, further assessments of the Red List
can be carried out.

Future Directions

Although extinction risk is a continuous scale, the current regression model divides
species as threatened or not threatened. Future analyses could build a model where the
dependent variable, extinction risk, is represented as a continuous scale. In addition, as the
AmphiBIO database improves and more ecological data becomes available, variables should be
selected and incorporated into the models. Future analyses including different tiers of threat

data (i.e. tier 1, tier 2 and tier 3), may also provide more insight into Red List Threat Data.
Concluding Remarks
Species extinction is a complicated, multi-faceted problem. Accurately identifying

threats that are driving amphibian declines is an important step to saving them from the 6th

mass extinction. Here, | have increased the accessibility to Red List threat data through code.
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Moreover, in using Southeast Asia as a case study, | have illustrated the impact of threat
processes on threatened and not threatened amphibians and the importance of ecological data
when shaping these models. By mapping amphibian threats that have been designated by the
Red List, | have shown areas that need further attention and species assessments. While these
analyses are not a comprehensive assessment of all threat data, they are an important step

towards improving the IUCN Red List database.
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Appendix I: Increasing the Accessibility to Red List Threat Data

Introduction
Because of the importance of the IUCN Red List as described above in wildlife conservation, it is
imperative to have access to expert-curated threats for each species. The ability to analyze all
Red List threats by species and see co-occurring threats can facilitate wide-scale analyses and
provide deeper access to needed synergistic threat data. Therefore, the goals of this effort
were to increase accessibility to Red List threat data and to capture the multifaceted threat
details that come with each listing.
Threat Data Description

There are currently 11 major threats classified on the Red List: Residential & Commercial
Development, Agriculture & Aquaculture, Energy Production & Mining, Transportation &
Service Corridors, Biological Resource Use, Human Intrusions & Disturbance, Natural System
Modifications, Invasive & Other Problematic Species, Genes & Diseases, Pollution, Geological
Events, and Climate Change & Severe Weather. Each threat is assigned a threat code by the Red
List (Appendix IV: Threat Data). The Red List provides working documentation to distinguish
species threats from stressors and to provide in-depth descriptions of the types of threats listed
on the Red List (IUCN). When assessing a species, the Red List separates required supporting
information under all conditions and required supporting information under specific conditions.
Species threat data falls under the latter classification. According to this classification scheme,
major threats to the taxon are required for taxa listed as Extinct, Extinct in the Wild, Critically

Endangered, Endangered, Vulnerable and Near Threatened. Within this threat data, coding of
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threat timing and threat scope are not required. Upon successful completion of a Red List
Assessor training course, anyone can assess a species to be then verified by an expert.
IUCN Red List Limitations

While the Red List of Threatened Species is the most comprehensive animal and plant
conservation resource (Rodrigues et.al), there are several limitations to the site in regard to
missing data (IUCN 2017) and data accessibility. As described above (Section I: [IUCN Red List of
Threatened Species), the limitations that the Red List indicates are missing species data, missing
range data, threat processes ranking and data deficient species (IUCN 2017). Furthermore, a
case study in taxa with high rates of species discovery recently found that while there has been
a 25% increase in known amphibian species since 2004, 61% of amphibian species assessments
are either missing or out of date (Tapley et al. 2018). When considering rapid increases in
amphibian species specifically, the majority of these species are more likely to have a small
range size and thus be threatened with extinction (Tapley et al. 2018; Pimm et al. 2014). In
addition to limitations in the data itself, threat data from the Red List is hard to access.
Accessing IUCN Red List Threat Data

In order to access data from the Red List, it is important to distinguish what types of
information will be accessed. For both taxonomic and spatial range data, a passcode from the
IUCN is necessary. After the passcode is obtained, the Red List offers a myriad of options to
access species-specific data. For taxonomic data, these options include either querying the Red
List directly or utilizing the Red List APl —v3. In regard to the Red List APl —v3, the IUCN
provides extensive documentation on the variety of different querying options for using the

Red List API —v3.
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Options to query the data include the following: Species count, citation by species
name, citation by species ID, individual species category, individual species by name, individual
species by ID, narrative text by species name, narrative text by species ID, synonyms by name,
country occurrence by species name, country occurrence by species ID, historical assessments
by species names, historical assessments by species ID, threats by species name, threats by
species id, habitats by species name, habitats by species ID, conservation measures by species
name, conservation measures by species ID, plant growth forms by species names, plant
growth forms by species ID, list comprehensive groups, species by comprehensive group,
website link, and website redirect (IUCN 2017). Across all of these options, the way the IUCN
Red List API- v3 allows for querying the data is on a species by species basis. The large majority
of the queries generated, therefore, provides detailed information from the desired species.
From the provided list, however, there is no simple way to access threat data across multiple
species. For the threat data, in particular, there are only two options when utilizing the IUCN
Red List API: querying threats by species name or querying threats by species id. In order to
conduct a wide-scale assessment of all the threats affecting amphibians of SE Asia, the Red List
APl is not a practical option.

The API, however, is not the only option for querying data from the IUCN Red List. The
Red List also offers users the ability to query the database directly. On the IUCN homepage,
under “OTHER SEARCH OPTIONS” there are several different filters available to search through
the IUCN Red List database. These filters include “Keywords”, “Taxonomy”, ”Location”,
”Systems”, “Habitat”, Threats”, “Assessment”, and “Life History.” In addition, the IUCN Red List

allows users to select the taxa to show with “Species”, ”“Subspecies and varieties”, “Stocks and
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subpopulations”, and “Regional assessments” as options. After users have selected the
information to query and run the search, the Red List displays the species assessments in a list
formatted by individual species. From this page, the IUCN offers a Save/Export Search feature
that allows users to export all of the data to a Comma-Separated Values (CSV) file or an
Extensible Markup Language (XML) file where further analyses can be executed. When the data
is exported, however, limited information is available. The information that is available includes
the Species ID, Kingdom, Phylum, Class, Order, Family, Genus, Species, Authority, Infraspecific
rank, Infraspecific name, Stock/subpopulation, Synonyms, Common name (Eng), Common
name(Fre), Common name (Spa), Red List status, Red List criteria, Red List criteria version, Year
assessed, Population trend, and Petitioned. This data does not include threat, habitat, or
conservation data for each species. Even if the search filters include threat data, the threat
process is not available in the file export. Therefore, from the list of data that is available from
the export, it is not possible to do a wide-scale analysis of the types of threats affecting each
species because the data is not included.

Instead of accessing the data through the IUCN directly, an alternative path utilizes the
package rredlist created by S. Chamberlain. The package is intended to cover all of the Red List
‘APl routes in R (Chamberlain 2017). Similar to the IUCN Red List API feature, rredlist queries
information species by species. For example, the function rl_threats returns a detailed record of
the threats affecting a species. The information in this output is identical to the information
used when querying through IUCN Red List APl — v3. Below, is an example of the information

displayed when querying threats for the species Theloderma asperum.
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Threat Results: Theloderma asperum

code title timing scope severity | score invasive

5.3 Logging & wood Ongoing NA NA NA NA
harvesting

5.35 Motivation Ongoing NA NA NA NA
Unknown/Unrecorded

Appendix 1, Table 1: rredlist, rl_threats output. rl_threats returns detailed threat information on a species by

species basis.

In addition to the rredlist, there are other packages that have been developed to
analyze IUCN Red List Data (Cardoso 2017). These include rCAT (Moat et al. 2017), redlistr (Lee
et al. 2017), and ConR (Dauby 2017). rCAT, redlistr, and ConR packages primarily focus on
calculating Extent of Occurrence (EOO) or Area of Occurrence (AOQ). To date, the only package
that has been developed to query non-spatial data is the rredlist, described above. While the
rredlist package is suitable for querying species on a species by species basis, it does not
produce an output where threats of multiple species can be analyzed simultaneously. To
address this problem, a series of functions were developed to increase the accessibility to the
Red List Threat data.

Materials and Methods

Access to the IUCN Red List was granted in February 2017. The Red List distributed a
private key that enabled access to the data. Targeted amphibian species assessments were
collected from the IUCN in February 2017 and February 2018. Utilizing the first method

described above, querying directly from the IUCN Red List, the following search parameters
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were chosen: Taxonomy = Amphibia, Location = South & Southeast Asia. The search was then
saved, exported as a CSV file, and imported to R. Before the species names could be used by
the developed code, genus and species must be combined into a new column. From here, the
list of species was utilized by developed functions to produce an output of threats affecting
amphibians in Southeast Asia. The taxon name was utilized to traverse the functions as
opposed to the IDs because the IUCN suggests utilizing the taxon name when making API calls
because the IDs are not immovable (Chamberlain 2017). The functions were created in R
version 3.3.2 (R Core Team 2016) utilizing the output from the rredlist package (Chamberlain
2017). Data reshaping and configuring relied on plyr (Wickham et al. 2011), dyplr (Wickham et.
al 2017) and sqldf (Grothendieck 2017).

Because the Red List API advises against too frequent or too many calls (IUCN), the
sys.sleep function, or suspend execution for a time interval, is included in the Additional
Functions at 2 seconds. For threat data and habitat data functions, however, this suspended
execution is not included. Instead, species lists were divided into segments of one-hundred
species or less and run through the developed functions. The outputs were then joined
together to create a master data frame by using dyplr. If more than one-hundred species are
run through each function, an error occurs.

Results

All scripted functions are located in the Appendix V: Scripted Code.

Threat Functions

1) Threat details (threat_details): Provides the threat code, title, timing, scope, severity, score,

and invasive status of each species. This function employs the package rredlist (Chamberlain
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2017) to query the IUCN Red List through the rredlist’s function rl_threats. The function’s
parameter is a vector of species names that are characters. threat_details traverses through the
vector of species and accumulates the resulting data frame within a list. Once a data frame
containing threat information for each species has been saved into a list, dplyr is used to
reformat the list to a data frame. Lastly, within threat_details, third level threats were removed
(Schulze et al. 2018). By selecting the species name column from the IUCN Red List output of
Southeast Asian amphibians, the threat_details output is a data frame listing threat processes
for each Southeast Asia amphibian. By changing the input of threat_details, this function can
generate threat data for all taxa listed on the IUCN Red List.

iucn_data <- read.csv("export-89505.csv", header = TRUE)

new_species <- data.frame(A = iucn_dataSGenus, B = iucn_dataSSpecies)

iucn_dataSnew_species <- paste(new_speciesSA, new_speciesSB, sep="")

threat_details_output <- threat_details(iucn_dataSnew_species)
2) Species name and threat code (threat_code): Takes the output from threat_details and
returns a data frame with species name and related threat codes. This function utilizes the
package dplyr (Wickham et al., 2017), specifically the filter function.

codes <- threat_code(threat_details_output)
3) Remove third level threats (no_third_level): no_third_level is embedded into threat_tables,
below, and creates an empty table where each column represents a different threat, and each
row represents a different species. In addition, third level threats are removed (Schulze et al.

2018).
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4) Populate threat tables (threat_tables): threat_tables takes the output from threat_code and
creates a table of threats for each species.
final_threats <- threat_tables(codes)
Additional Functions
5) Species habitat data (sp_habitats): Provides the habitat code for the habitats associated with
each species. sp_habitats is utilized within pop_habitat_tables and in accordance with
habitat_table. sp_habitats builds off of the function r/_habitats from rredlist. The result of this
function is a data frame of the original species list and associated habitat codes.
sp_habitat_output <- sp_habitats(iucn_dataSnew_species)
6) Empty habitat table (habitat_table): Creates an empty habitat table based on the length of
the parameter.
Embedded in pop_habitat_tables
7) Populate habitat table (pop_habitat_tables): Populates empty habitat tables generated from
habitat_table with the information from sp_habitats. The result is a data frame where each row
represents a species, and each column is equal to a different type of threat.
pop_habitat_tables(sp_habitat_output)
In addition to accessing habitat and threat data, functions were also written to build off of the
rredlist package that allows for further querying of the IUCN Red List.
8) Species only (sp_only): Separates species from subspecies, rank, and subpopulations,
returning only species.

all_species<- sp_only(lucn_dataSnew_species)
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9) Species taxonomic class (sp_class): Traverses through a vector of species and separates only
amphibians.

amphibians <- sp_class(all_speciesSnew_species)
10) Species taxonomic family (sp_family): Returns only species from a desired family.

only_plethodontidae <- sp_family(all_speciesSnew_species, “Plethodontidae”)
11) Species threat count (sp_threat_count): Counts the number of threat processes affecting
each species. Third level threats were filtered out (Schulze et al. 2018).

number_threats <- sp_threat_count(iucn_dataSnew_species)
12) Species and family (sp_all_family): Returns a data frame with species and respective family.
The difference between sp_all_family and sp_family is for a species list, sp_all_family will
return a data frame with the same length as the parameter input where all families for every
species is listed. sp_family, however, requires an additional parameter that specifies the family
that will be returned.

sp_and_family <- sp_all_family (iucn_dataSnew_species)
For all of the functions specified above, the IUCN Red List key requirement was embedded into
each function. The IUCN Red List key was saved to the global environment under the name
token. For the functions to be able to access the IUCN Red List data, the key must be saved in
the global environment as token.

token <- IUCN Red List Key

Code Dependencies and Limitations
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This code requires sqldf, dplyr, and rredlist. As described above, because the IUCN Red List has
a rate-limiting requirement, extracting the data can take several hours, depending on the
original size of the species list.

Discussion

Overall, the development of functions are a step towards robust analyses of the co-
occurring threatening processes that are listed on the Red List. By having a three-part scripted
code to analyze the threat data, there are ways of filtering the multifaceted threat details to
extract only those threat titles with high threat scores, for example. On the Red List web
database, filtering by threat scores (or other threat details) is not an available search option. In
addition, all of the functions except sp_class can be applied to different taxonomies on the Red
List. In other words, so long as there is a vector with species names saved as characters, this
code can provide threat details for every species on the Red List with respective threat data.
Therefore, the applications of this code extend beyond amphibians and give researchers the
ability to conduct further assessments of Red List data in their fields of expertise.

Besides data analyses performed in R, having a large table of co-occurring threats by
species also broadens mapping abilities. While this concept is applied and described further in
Section Ill: IUCN Red List Threat Data Analyses for Southeast Asian amphibians, it is possible to
map species where there are multiple corresponding threats, and analyze the landscape, set
conservation priorities, and evaluate Red List threat assessments.

Future Directions
Future directions include embedding the Red List’s threatening processes ranking into the table

so that threats with different ranking processes can have different weight when performing
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analyses. While previous iterations have made the code faster, future directions also include

making the code shorter and more efficient.

Appendix ll: Reclassifying IUCN Red List Categories

Red List Status Classification
Least Concern Not Threatened
Near Threatened Not Threatened
Vulnerable Threatened
Endangered Threatened
Critically Endangered Threatened

Appendix lll: Hierarchical clustering of Red List Threat Processes

Dissimilarity = 1 - Correlation
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Appendix llI: Hierarchical clustering of Red List Threat Processes

Appendix IV: Threat Data

Title Threat Code
Residential & commercial development
Housing & urban areas 1.1
Commercial & industrial areas 1.2
Tourism & recreation 1.3

Agriculture & Aquaculture

Annual & perennial non-timber crops 2.1
Wood & pulp plantations 2.2
Livestock farming & ranching 2.3
Marine & freshwater aquaculture 2.4
Energy production & mining
Oil & gas drilling 3.1
Mining & quarrying 3.2
Renewable energy 33
Transportation & service corridors
Roads & railroads 4.1
Utility & service lines 4.2
Shipping lanes 4.3
Flight paths 4.4
Biological resource use
Hunting & trapping terrestrial animals 5.1
Gathering terrestrial plants 5.2
Logging & wood harvesting 5.3
Fishing & harvesting aquatic resources 5.4
Human intrusions & disturbance
Recreational activities 6.1
War, civil unrest & military exercises 6.2
Work & other activities 6.3
Natural system modifications
Fire & fire suppression 7.1
Dams & water management/use 7.2
Other ecosystem modifications 7.3

Invasive and other problematic species,
genes & diseases
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Invasive non-native/alien
species/diseases
Problematic native species/diseases
Introduced genetic material
Problematic species/diseases of unknown
origin
Viral/prion-induced diseases
Diseases of unknown cause
Pollution
Domestic & urban waste water
Industrial & military effluents
Agricultural & forestry effluents
Garbage & solid waste
Air-born pollutants
Excess energy
Geological Events
Volcanoes
Earthquakes/tsunamis
Avalanches/landslides
Climate change & severe weather
Habitat shifting & alteration
Droughts
Temperature extremes
Storms & flooding
Other impacts
Other options

Other threat

8.1

8.2
8.3
8.4

8.5
8.6

9.1
9.2
9.3
9.4
9.5
9.6

10.1
10.2
10.3

111
11.2
11.3
11.4
11.5

12.1

Appendix IV: Red List Threat title and Threat Codes

Appendix V: Scripted Code
threat_details <- function(species_list){
#Specifications:
#Parameter: lucndataSspecies

#Note: IUCN export contains genus and species in separate columns.
#These must be combined into one column before running this script.

datalist <- list()
i<-1
for (species in species_list){

threats <- rl_threats(species, key = token)

dfl <- threatsSresult
df1Sspecies_name <- species
datalist[[i]] <- df1

i<-i+1
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}

#Removes third level threats:
thirdlevel <- ¢("2.1.1", "2.1.2", "2.1.3", "2.1.4","2.2.1","2.2.2", "2.2.3",
"2.3.1","2.3.2","2.3.3", "2.3.4","2.4.1","2.4.2","2.4.3",
"5.1.1","5.1.2","5.1.3","5.1.4","5.2.1", "5.2.2", "5.2.3",
"5.2.4","5.3.1","5.3.2","5.3.3","5.3.4", "5.3.5", "5.4.1",
"5.4.2","5.4.3","5.4.4","5.45","5.4.6","7.1.1", "7.1.2",
"7.1.3","7.2.1","7.2.2","7.2.3","7.2.4","7.2.5","7.2.6",
"7.2.7","7.2.8","7.29","7.2.10","7.2.11", "8.1.1", "8.1.2",
"8.2.1","8.2.2","8.4.1", "8.4.2","8.5.1", "8.5.2", "9.1.1",
"9.1.2","9.1.3","9.2.1", "9.2.2", "9.2.3","9.3.1", "9.3.2",
"9.3.3","9.3.4","9,5.1", "9.5.2", "9.5.3","9.5.4", "9.6.1",
"9.6.2","9.6.3","9.6.4")
library(dplyr)
big_data <- dplyr::bind_rows(datalist)
big_data <- as.data.frame(big_data)
final <- filter(big_data, !(code %in% thirdlevel))
reordered <-
final[,c("code","title","timing
return(reordered)

}

nmn nn

,"'scope”,

nn n s nn

severity","score","invasive","species_name")]

threat_code <- function(threat_details_output){
H#Parameter: threat_details output
# Output: data is a dataframe with the species_list
# as one column and the threat_code as the other.
species_list <- names(table(threat_details_outputSspecies_name))
threat_code <- vector(mode = "character", length = length(species_list))
i<-1
library(dplyr)
for (species in species_list){
subset_species <- filter(threat_details_output, threat_details_outputSspecies_name ==

species)
code <- names(table(subset_speciesScode))
threat_codeli] <- paste(code, collapse =" ")
i<-1+i
}
threatdf <- data.frame(species_list, threat_code)
return(threatdf)
}

no_third_level<- function(species_list){
R1.1 <- rep(c(0), each =length(species_list))
R1.2 <- rep(c(0), each =length(species_list))



R1.3 <- rep(c(0), each =length(species_list))

#Agriculture and Aquaculture
A2.1 <-rep(c(0), each =length(species_list))
A2.2 <- rep(c(0), each =length(species_list))

A2.3 <- rep(c(0), each =length(species_list))
A2.4 <- rep(c(0), each =length(species_list))
#Energy Production and mining

E3.1 <-rep(c(0), each =length(species_list))
E3.2 <- rep(c(0), each =length(species_list))
E3.3 <-rep(c(0), each = length(species_list))

#Transportation and service corridors

T4.1 <- rep(c(0), each =length(species_list))
T4.2 <- rep(c(0), each =length(species_list))
T4.3 <- rep(c(0), each =length(species_list))
T4.4 <- rep(c(0), each =length(species_list))

#Biological Resource use

B5.1 <- rep(c(0), each =length(species_list))
B5.2 <- rep(c(0), each =length(species_list))
B5.3 <- rep(c(0), each = length(species_list))
B5.4 <- rep(c(0), each = length(species_list))

#Human intrusions and disturbance

H6.1 <- rep(c(0), each = length(species_list))
H6.2 <- rep(c(0), each = length(species_list))
H6.3 <- rep(c(0), each = length(species_list))

#Natural system modifications

N7.1 <- rep(c(0), each =length(species_list))
N7.2 <- rep(c(0), each =length(species_list))
N7.3 <- rep(c(0), each =length(species_list))

#Invasive and other problematic species, genes and disease

18.1 <- rep(c(0), each =length(species_list))
18.2 <- rep(c(0), each =length(species_list))
18.3 <- rep(c(0), each =length(species_list))
18.4 <- rep(c(0), each =length(species_list))
18.5 <- rep(c(0), each = length(species_list))
18.6 <- rep(c(0), each =length(species_list))

#Pollution
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}

threat_tables <- function(data){
#Parameter: thread_code output
#Output: Dataframe with binary values for each threat (0,1)
threatdf <- no_third_level(dataSspecies_list)

P9.1 <- rep(c(0), each = length(species_list))
P9.2 <- rep(c(0), each =length(species_list))
P9.3 <- rep(c(0), each =length(species_list))
P9.4 <- rep(c(0), each =length(species_list))
P9.5 <- rep(c(0), each =length(species_list))
P9.6 <- rep(c(0), each =length(species_list))

#Geological Events

G10.1 <- rep(c(0), each = length(species_list))
G10.2 <- rep(c(0), each = length(species_list))
G10.3 <- rep(c(0), each = length(species_list))

#Climate Change and severe weather

C11.1 <- rep(c(0), each = length(species_list))
C11.2 <- rep(c(0), each =length(species_list))
C11.3 <- rep(c(0), each =length(species_list))
C11.4 <- rep(c(0), each =length(species_list))
C11.5 <- rep(c(0), each =length(species_list))

#Other options

012.1 <-rep(c(0), each =length(species_list))

Gonzalez 65

threat_df <- data.frame(species_list, R1.1, R1.2, R1.3, A2.1, A2.2, A2.3,A2.4, E3.1, E3.2,

E3.3,T4.1,T4.2,T4.3,T4.4, B5.1, B5.2,B5.3, B5.4,
H6.1, H6.2, H6.3, N7.1,N7.2,N7.3, 18.1,18.2,18.3, 18.4, 18.5,18.6, P9.1,

P9.2, P9.3,P9.4,P9.5, P9.6, G10.1, G10.2, G10.3, C11.1, C11.2, C11.3, C11.4,C11.5)

return(threat_df)

i<-1

for (strings in dataSthreat_code){
many_strings <- strsplit(strings, split="")

for (elem in many_strings){
for(code in elem){

H#### Residential

if (code =="1.1"){
threatdfSR1.1[i] <- 1

} else if (code == "1.2"){
threatdfSR1.2[i] <- 1

} else if (code == "1.3"){



threatdfSR1.3[i] <- 1
H#H#H# Agriculture

} else if (code == "2.1"){
threatdfSA2.1[i] <- 1

} else if (code =="2.1.1"){
threatdfSA2.1.1[i] <- 1

} else if (code =="2.1.2"}
threatdfSA2.1.2[i] <- 1

}else if (code == "2.1.3"){
threatdfSA2.1.3[i] <- 1

} else if (code == "2.1.4"){
threatdfSA2.1.4[i] <- 1

}else if (code == "2.2"){
threatdfSA2.2[i] <- 1
}else if (code =="2.2.1"){
threatdfSA2.2.1[i] <- 1
}else if (code =="2.2.2"){
threatdf$SA2.2.2[i] <- 1
}else if (code == "2.2.3"){
threatdf$SA2.2.3[i] <- 1

} else if (code == "2.3"){
threatdfSA2.3[i] <- 1

} else if (code =="2.3.1"){
threatdfSA2.3.1[i] <- 1

} else if (code =="2.3.2"){
threatdfSA2.3.2[i] <- 1

} else if (code =="2.3.3"){
threatdfSA2.3.3[i] <- 1

} else if (code == "2.3.4"){
threatdfSA2.3.4[i] <- 1

} else if (code == "2.4"){
threatdfSA2.4[i] <- 1

} else if (code =="2.4.1"){
threatdf$SA2.4.1[i] <- 1

} else if (code == "2.4.2"){
threatdf$SA2.4.2[i] <- 1

} else if (code == "2.4.3"){
threatdf$SA2.4.3[i] <- 1
HH### Energy

} else if (code == "3.1"){
threatdfSE3.1[i] <- 1
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} else if (code == "3.2"){
threatdfSE3.2[i] <- 1

} else if (code == "3.3"){
threatdfSE3.3[i] <- 1

#### Transportation and service corridors

} else if (code == "4.1"){
threatdfS$T4.1[i] <- 1

} else if (code == "4.2"){
threatdf$T4.2[i] <- 1

} else if (code == "4.3"){
threatdf$T4.3[i] <- 1

} else if (code == "4.4"){
threatdf$T4.4[i] <- 1
#### Biological resource use

} else if (code == "5.1"){
threatdf$SB5.1[i] <- 1

} else if (code == "5.1.1"){
threatdf$B5.1.1[i] <- 1

} else if (code == "5.1.2"){
threatdf$B5.1.2[i] <- 1

} else if (code == "5.1.3"){
threatdf$B5.1.3[i] <- 1

} else if (code == "5.1.4"){
threatdf$B5.1.4[i] <- 1

} else if (code == "5.2"){
threatdf$B5.2[i] <- 1

} else if (code =="5.2.1"){
threatdf$B5.2.1[i] <- 1

} else if (code =="5.2.2"){
threatdf$B5.2.2[i] <- 1

} else if (code == "5.2.3"){
threatdf$B5.2.3[i] <- 1

} else if (code =="5.2.4"){
threatdf$B5.2.4[i] <- 1

} else if (code == "5.3"){
threatdf$B5.3[i] <- 1

} else if (code == "5.3.1"){
threatdf$B5.3.1[i] <- 1

} else if (code == "5.3.2"){
threatdf$B5.3.2[i] <- 1

} else if (code == "5.3.3"){



threatdf$B5.3.3[i] <- 1

} else if (code == "5.3.4"){
threatdf$B5.3.4[i] <- 1

} else if (code == "5.3.5"){
threatdf$B5.3.5[i] <- 1

} else if (code == "5.4"){
threatdf$B5.4[i] <- 1

} else if (code == "5.4.1"){
threatdf$B5.4.1[i] <- 1

} else if (code == "5.4.2"){
threatdf$B5.4.2[i] <- 1

} else if (code == "5.4.3"){
threatdf$B5.4.3[i] <- 1

} else if (code == "5.4.4"){
threatdf$B5.4.4[i] <- 1

} else if (code == "5.4.5"){
threatdf$B5.4.5[i] <- 1

} else if (code == "5.4.6"){
threatdf$B5.4.6][i] <- 1

H###H# Human intrusions

} else if (code == "6.1"){
threatdfSH6.1[i] <- 1

} else if (code == "6.2"){
threatdfSH6.2[i] <- 1

} else if (code == "6.3"){
threatdfSH6.3[i] <- 1

H### Natural system modifications

} else if (code =="7.1"){
threatdfSN7.1[i] <- 1

} else if (code =="7.1.1"){
threatdfSN7.1.1[i] <- 1

} else if (code =="7.1.2"){
threatdfSN7.1.2[i] <- 1

} else if (code == "7.1.3"){
threatdfSN7.1.3[i] <- 1

}else if (code =="7.2"){
threatdfSN7.2[i] <- 1

} else if (code == "7.2.1"){
threatdfSN7.2.1[i] <- 1

} else if (code =="7.2.2"){
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threatdfSN7.2.2[i] <- 1

} else if (code == "7.2.3"){
threatdfSN7.2.3[i] <- 1

} else if (code == "7.2.4"){
threatdfSN7.2.4[i] <- 1

} else if (code =="7.2.5"){
threatdfSN7.2.5[i] <- 1

} else if (code == "7.2.6"){
threatdfSN7.2.6[i] <- 1

}else if (code =="7.2.7"){
threatdfSN7.2.7[i] <- 1

} else if (code =="7.2.8"){
threatdfSN7.2.8[i] <- 1

}else if (code =="7.2.9"){
threatdfSN7.2.9[i] <- 1

} else if (code == "7.2.10"){
threatdfSN7.2.10[i] <- 1

}else if (code =="7.2.11"){
threatdfSN7.2.11[i] <- 1

} else if (code == "7.3"){
threatdfSN7.3[i] <- 1

##Ht#H Invasive species/disease/introduced genes
} else if (code == "8.1"){

threatdfS18.1[i] <- 1
} else if (code =="8.1.1"){

threatdfS18.1.1[i] <- 1
} else if (code =="8.1.2"){

threatdfS$18.1.2[i] <- 1

} else if (code == "8.2"){
threatdfS18.2[i] <- 1

} else if (code =="8.2.1"){
threatdfS$18.2.1[i] <- 1

} else if (code == "8.2.2"){
threatdf$18.2.2[i] <- 1

} else if (code == "8.3"){
threatdfS18.3[i] <- 1

} else if (code == "8.4"){
threatdfS18.4[i] <- 1
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} else if (code == "8.4.1"){
threatdf$18.4.1[i] <- 1

} else if (code == "8.4.2"){
threatdf$18.4.2[i] <- 1

} else if (code == "8.5"){
threatdfS18.5[i] <- 1

} else if (code == "8.5.1"){
threatdf$18.5.1[i] <- 1

} else if (code == "8.5.2"){
threatdf$18.5.2[i] <- 1

} else if (code == "8.6"){
threatdfS18.6[i] <- 1

Hi### Pollution

} else if (code == "9.1"){
threatdf$P9.1[i] <- 1

}else if (code == "9.1.1"){
threatdf$SP9.1.1[i] <- 1

} else if (code == "9.1.2"){
threatdf$P9.1.2[i] <- 1

} else if (code == "9.1.3"){
threatdf$P9.1.3[i] <- 1

} else if (code == "9.2"){
threatdfSP9.2[i] <- 1

} else if (code =="9.2.1"){
threatdf$P9.2.1[i] <- 1

} else if (code =="9.2.2"){
threatdf$P9.2.2[i] <- 1

} else if (code =="9.2.3"){
threatdf$P9.2.3[i] <- 1

} else if (code == "9.3"){
threatdf$P9.3[i] <- 1

} else if (code == "9.3.1"){
threatdf$P9.3.1[i] <- 1

} else if (code == "9.3.2"){
threatdf$P9.3.2[i] <- 1

} else if (code == "9.3.3"){
threatdf$P9.3.3[i] <- 1

} else if (code == "9.3.4"){
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threatdf$P9.3.4[i] <- 1

} else if (code == "9.4"){
threatdf$P9.4[i] <- 1

} else if (code == "9.5"){
threatdfSP9.5[i] <- 1

} else if (code == "9.5.1"){
threatdf$P9.5.1[i] <- 1

} else if (code == "9.5.2"){
threatdf$P9.5.2[i] <- 1

} else if (code == "9.5.3"){
threatdf$P9.5.3[i] <- 1

} else if (code == "9.5.4"){
threatdf$P9.5.4[i] <- 1

} else if (code == "9.6"){
threatdf$P9.6[i] <- 1

} else if (code == "9.6.1"){
threatdf$P9.6.1[i] <- 1

} else if (code == "9.6.2"){
threatdf$P9.6.2[i] <- 1

} else if (code == "9.6.3"){
threatdf$P9.6.3[i] <- 1

} else if (code == "9.6.4"){
threatdf$P9.6.4[i] <- 1

H### Geological Events
} else if (code == "10.1"){
threatdf$G10.1[i] <- 1
} else if (code == "10.2"){
threatdf$G10.2[i] <- 1
} else if (code == "10.3"){
threatdf$G10.3[i] <- 1

#### Climate Change

} else if (code == "11.1"){
threatdf$C11.1[i] <- 1

} else if (code == "11.2"){
threatdf$C11.2[i] <- 1

} else if (code == "11.3"){
threatdf$C11.3[i] <- 1

} else if (code == "11.4"){
threatdf$SC11.4[i] <- 1
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} else if (code == "11.5"){
threatdfSC11.5[i] <- 1
}
}
}
i<-1+4i
}
return(threatdf)

}

sp_habitats <- function(species_list){
#Description: Takes a vector of species names (that are characters) and

#traverses through the vector. For each species, the habitat(s) are identified.

#The corresponding habitat code is then collected.
#Parameter: species_list.
habitat_code <- vector(length = length(species_list), mode = "character")
i<-1
for (species in species_list){
habitat <- rl_habitats(species, key = token)
code <- habitatSresultScode
habitat_code[i] <- paste(code, collapse =" ")
i<-i+1
}
final_results <- data.frame(species_list, habitat_code)
return(final_results)

}

habitat_table <- function(species_list){
#Parameters: species_list
#Forest
F1.1 <- rep(c(0), each =length(species_list))
F1.2 <- rep(c(0), each =length(species_list))
F1.3 <- rep(c(0), each =length(species_list))
F1.4 <- rep(c(0), each =length(species_list))
F1.5 <- rep(c(0), each = length(species_list))
F1.6 <- rep(c(0), each =length(species_list))
F1.7 <- rep(c(0), each =length(species_list))
F1.8 <- rep(c(0), each =length(species_list))
#Savanna
Sa2.1 <-rep(c(0), each = length(species_list))
Sa2.2 <-rep(c(0), each = length(species_list))
#Shrubland
Sh3.1 <- rep(c(0), each = length(species_list))
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Sh3.2 <- rep(c(0),
Sh3.3 <- rep(c(0),
Sh3.4 <- rep(c(0),
Sh3.5 <- rep(c(0),
Sh3.6 <- rep(c(0),
Sh3.7 <- rep(c(0),
Sh3.8 <- rep(c(0),
#Grassland

G4.1 <-rep(c(0),

G4.2 <-rep(c(0),

G4.3 <-rep(c(0),

G4.4 <- rep(c(0),

G4.5 <- rep(c(0),

G4.6 <- rep(c(0),

G4.7 <- rep(c(0),

#Wetlands

W5.1 <- rep(c(0),
WS5.2 <- rep(c(0),
WS5.3 <- rep(c(0),
W5.4 <- rep(c(0),
WS5.5 <- rep(c(0),
W5.6 <- rep(c(0),
W5.7 <- rep(c(0),
W5.8 <- rep(c(0),
W5.9 <- rep(c(0),
W5.10 <- rep(c(0),
W5.11 <- rep(c(0),
W5.12 <- rep(c(0),
W5.13 <- rep(c(0),
W5.14 <- rep(c(0),
W5.15 <- rep(c(0),
W5.16 <- rep(c(0),
W5.17 <- rep(c(0),
W5.18 <- rep(c(0),
#Rocky

each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))

each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))

each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))

R6 <- rep(c(0), each = length(species_list))

#Caves

C7.1 <- rep(c(0),
C7.2 <-rep(c(0),
#Desert

D8.1 <- rep(c(0),
D8.2 <- rep(c(0),
D8.3 <- rep(c(0),
#Marine Neritic

each = length(species_list))
each = length(species_list))

each = length(species_list))
each = length(species_list))
each = length(species_list))
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MNS9.1 <- rep(c(0),
MN9.2 <- rep(c(0),
MN9.3 <- rep(c(0),
MN9.4 <- rep(c(0),
MN9.5 <- rep(c(0),
MN9.6 <- rep(c(0),
MN9.7 <- rep(c(0),
MN9.8 <- rep(c(0),
MN?9.9 <- rep(c(0),

each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))

MN9.10 <- rep(c(0), each = length(species_list))

#Marine Oceanic

MO010.1 <- rep(c(0), each = length(species_list))
MO010.2 <- rep(c(0), each = length(species_list))
MO010.3 <- rep(c(0), each = length(species_list))
MO010.4 <- rep(c(0), each = length(species_list))

#Marine Benthic
M11.1 <- rep(c(0),
M11.2 <- rep(c(0),
M11.3 <- rep(c(0),
M11.4 <- rep(c(0),
M11.5 <- rep(c(0),
M11.6 <- rep(c(0),
#Marine Intertidal
MI112.1 <- rep(c(0),
MI112.2 <- rep(c(0),
MI112.3 <- rep(c(0),
MI112.4 <- rep(c(0),
MI112.5 <- rep(c(0),
MI112.6 <- rep(c(0),
MI112.7 <- rep(c(0),
#Marine Coastal
MC13.1 <- rep(c(0),
MC13.2 <- rep(c(0),
MC13.3 <- rep(c(0),
MC13.4 <- rep(c(0),
MC13.5 <- rep(c(0),
#HArtificial/Terrestri
AT14.1 <- rep(c(0),
AT14.2 <- rep(c(0),
AT14.3 <- rep(c(0),
AT14.4 <- rep(c(0),
AT14.5 <- rep(c(0),
AT14.6 <- rep(c(0),
#Artificial/Aquatic

each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))

each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))

each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
al
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
each = length(species_list))
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AA15.1 <- rep(c(0), each = length(species_list))
AA15.2 <- rep(c(0), each =length(species_list))
AA15.3 <- rep(c(0), each =length(species_list))
AA15.4 <- rep(c(0), each =length(species_list))
AA15.5 <- rep(c(0), each =length(species_list))
AA15.6 <- rep(c(0), each =length(species_list))
AA15.7 <- rep(c(0), each =length(species_list))
AA15.8 <- rep(c(0), each =length(species_list))
AA15.9 <- rep(c(0), each =length(species_list))
AA15.10 <- rep(c(0), each = length(species_list))
AA15.11 <- rep(c(0), each = length(species_list))
AA15.12 <- rep(c(0), each = length(species_list))
AA15.13 <- rep(c(0), each =length(species_list))
#Introduced Vegetation

Vegl6 <- rep(c(0), each = length(species_list))
#Other

017 <-rep(c(0), each =length(species_list))
#Unknown

U18 <- rep(c(0), each = length(species_list))

habitat_df <- data.frame(species_list, F1.1, F1.2, F1.3, F1.4, F1.5, F1.6, F1.7, F1.8,
Sa2.1, Sa2.2, Sh3.1, Sh3.2, Sh3.3, Sh3.4, Sh3.5, Sh3.6,
Sh3.7,5Sh3.8, G4.1, G4.2, G4.3, G4.4, G4.5, G4.6,
G4.7, W5.1, W5.2, W5.3, W5.4, W5.5, W5.6, W5.7,
W5.8, W5.9, W5.10, W5.11, W5.12, W5.13, W5.14, W5.15,
W5.16, W5.17, W5.18, R6, C7.1, C7.2, D8.1, D8.2, D8.3,
MN9.1, MN9.2, MN9.3, MN9.4, MN9.5, MN9.6, MN9.7, MN9.8,
MN9.9, MN9.10, M0O10.1, M010.2,M010.3, M010.4, M11.1,
M11.2, M11.3, M11.4, M11.5, M11.6, MI12.1, MI12.2, MI12.3,
MI12.4, MI12.5, MI12.6, MI12.7, MC13.1, MC13.2, MC13.3, MC13.4,
MC13.5, AT14.1, AT14.2, AT14.3, AT14.4, AT14.5, AT14.6,
AA15.1, AA15.2, AA15.3, AA15.4, AA15.5, AA15.6, AA15.7,
AA15.8, AA15.9, AA15.10, AA15.11, AA15.12, AA15.13,
Vegl6, 017, U18)

return(habitat_df)

}

pop_habitat_tables <- function(data){
H### data is a dataframe with the species_list as one column and the habitat _code as the other
### works directly with sp_habitats and habitat_tables
habitatdf <- habitat_table(dataSspecies_list)
i<-1
for (strings in dataShabitat_code){
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many_strings <- strsplit(strings, split="")
for (elem in many_strings){
for(code in elem){
Hit## Forest
if (code =="1.1"){
habitatdfSF1.1[i] <- 1
} else if (code == "1.2"){
habitatdfSF1.2[i] <- 1
} else if (code =="1.3"){
habitatdfSF1.3[i] <- 1
} else if (code =="1.4"){
habitatdfSF1.4[i] <- 1
} else if (code == "1.5"){
habitatdfSF1.5[i] <- 1
} else if (code == "1.6"){
habitatdfSF1.6][i] <- 1
}else if (code == "1.7"){
habitatdfSF1.7[i] <- 1
} else if (code == "1.8"){
habitatdfSF1.8[i] <- 1
} else if (code == "5.1"){
habitatdfSW5.1[i] <- 1
HH### Savanna
} else if (code == "2.1"){
habitatdfSSa2.1[i] <- 1
} else if (code == "2.2"){
habitatdfSSa2.2[i] <- 1
#### Shrubland
} else if (code == "3.1"){
habitatdfSSh3.1[i] <- 1
} else if (code == "3.2"){
habitatdfSSh3.2[i] <- 1
} else if (code == "3.3"){
habitatdfSSh3.3[i] <- 1
} else if (code == "3.4"){
habitatdfSSh3.4[i] <- 1
} else if (code == "3.5"){
habitatdfSSh3.5[i] <- 1
} else if (code == "3.6"){
habitatdfSSh3.6[i] <- 1
} else if (code == "3.7"){
habitatdfSSh3.7[i] <- 1
} else if (code == "3.8"){
habitatdfSSh3.8[i] <- 1



H### Grassland

} else if (code == "4.1"){
habitatdfSG4.1[i] <- 1

} else if (code == "4.2"){
habitatdfSG4.2[i] <- 1

} else if (code == "4.3"){
habitatdf$SG4.3[i] <- 1

} else if (code == "4.4"){
habitatdf$SG4.4][i] <- 1

} else if (code == "4.5"){
habitatdf$SG4.5]i] <- 1

} else if (code == "4.6"){
habitatdf$SG4.6][i] <- 1

} else if (code == "4.7"){
habitatdf$SG4.7][i] <- 1
Hi## Wetland

} else if (code == "5.1"){
habitatdfSW5.1[i] <- 1

} else if (code == "5.2"){
habitatdfSW5.2[i] <- 1

} else if (code == "5.3"){
habitatdfSW5.3[i] <- 1

} else if (code == "5.4"){
habitatdfSW5.4[i] <- 1

} else if (code == "5.5"){
habitatdfSW5.5[i] <- 1

} else if (code == "5.6"){
habitatdfSW5.6[i] <- 1

} else if (code == "5.7"){
habitatdfSW5.7[i] <- 1

} else if (code == "5.8"){
habitatdfSW5.8]i] <- 1

} else if (code == "5.9"){
habitatdfSW5.9[i] <- 1

} else if (code == "5.10"){
habitatdf$W5.10[i] <- 1

} else if (code == "5.11"){
habitatdfSW5.11[i] <- 1

} else if (code == "5.12"){
habitatdfSW5.12[i] <- 1

} else if (code == "5.13"){
habitatdfSW5.13[i] <- 1

} else if (code == "5.14"){
habitatdfSW5.14[i] <- 1
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} else if (code == "5.15"){
habitatdfSW5.15[i] <- 1
#Rocky

} else if (code == "6"){
habitatdfSR6[i] <- 1
Hi### Caves

} else if (code =="7.1"){
habitatdfSC7.1[i] <- 1

} else if (code =="7.2"){
habitatdfSC7.2[i] <- 1
H#it## Desert

} else if (code =="8.1"){
habitatdfSD8.1[i] <- 1

} else if (code == "8.2"){
habitatdfSD8.2[i] <- 1

} else if (code == "8.3"){
habitatdfSD8.3[i] <- 1
### Marine Neritic

} else if (code == "9.1"){
habitatdfSMN9.1[i] <- 1

} else if (code == "9.2"){
habitatdfSMN9.2[i] <- 1

} else if (code == "9.3"){
habitatdfSMN9.3][i] <- 1

} else if (code == "9.4"){
habitatdfSMN9.4][i] <- 1

} else if (code == "9.5"){
habitatdfSMN9.5[i] <- 1

} else if (code == "9.6"){
habitatdfSMN9.6][i] <- 1

} else if (code == "9.7"){
habitatdfSMN9.7[i] <- 1

}else if (code =="9.8.1" | code =="9.8.2" | code =="9.8.3"|

code =="9.8.4" | code == "9.8.5"){
habitatdfSMN9.8][i] <- 1

} else if (code == "9.9"){
habitatdfSMN9.9[i] <- 1

} else if (code == "9.10"){
habitatdfSMN9.10[i] <- 1
HH### Marine Oceanic

} else if (code == "10.1"){
habitatdfSM010.1[i] <- 1

} else if (code == "10.2"){
habitatdfSM010.2[i] <- 1
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} else if (code == "10.3"){
habitatdfSM010.3[i] <- 1
} else if (code == "10.4"){
habitatdfSM010.4[i] <- 1
#### Marine Deep Benthic
}else if (code =="11.1" | code =="11.1.2" | code =="11.1.2" ){
habitatdfSM11.1[i] <- 1
} else if (code == "11.2"){
habitatdfSM11.2[i] <- 1
} else if (code == "11.3"){
habitatdfSM11.3[i] <- 1
}else if (code == "11.4"){
habitatdfSM11.4[i] <- 1
} else if (code == "11.5"){
habitatdfSM11.5[i] <- 1
} else if (code == "11.6"){
habitatdfSM11.6][i] <- 1
H### Marine Intertidal
}else if (code =="12.1"){
habitatdfSM112.1[i] <- 1
} else if (code =="12.2"){
habitatdfSM112.2[i] <- 1
} else if (code == "12.3"){
habitatdfSM112.3[i] <- 1
} else if (code == "12.4"){
habitatdfSM112.4[i] <- 1
} else if (code == "12.5"){
habitatdfSM112.5[i] <- 1
} else if (code == "12.6"){
habitatdfSMI112.6[i] <- 1
} else if (code == "12.7"){
habitatdfSM112.7[i] <- 1
H#i### Marine Coastal
} else if (code == "13.1"){
habitatdfSMC13.1[i] <- 1
} else if (code == "13.2"){
habitatdfSMC13.2[i] <- 1
} else if (code == "13.3"){
habitatdfSMC13.3[i] <- 1
} else if (code == "13.4"){
habitatdfSMC13.4[i] <- 1
} else if (code == "13.5"){
habitatdfSMC13.5[i] <- 1
Hit#Ht Artificial/Terrestrial



} else if (code == "14.1"){
habitatdfSAT14.1[i] <- 1

} else if (code == "14.2"){
habitatdfSAT14.2[i] <- 1

} else if (code == "14.3"){
habitatdfSAT14.3[i] <- 1

} else if (code == "14.4"){
habitatdfSAT14.4[i] <- 1

} else if (code == "14.5"){
habitatdfSAT14.5[i] <- 1

} else if (code == "14.6"){
habitatdfSAT14.6[i] <- 1
#### Introduced Vegetation

} else if (code == "16"){
habitatdfSVeg16[i] <- 1
Hit#H# Other

} else if (code =="17"{
habitatdfSO17[i] <- 1
#it## Unknown

} else if (code == "18"){
habitatdfSU18[i] <- 1

}
}
}
i<-1+i
}

return(habitat)

}

sp_only <- function(species_list){
#parameter name is confusing - takes a list of everything,
H#returns species. filters out subpopulations, rank, etc.
df<- as.data.frame(species_list)
df[is.na(df)] <- 0
only species <- subset(df, (dfSresult.subspecies == 0) &
(dfSresult.rank == 0) & (dfSresult.subpopulation == 0))
only species <- only_speciesSresult.scientific_name
return(only species)

sp_class <- function (species_list){
#Des.: Traverses through a list, and pulls out Class = AMPHIBIA
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#Input: species_list is any list of species w/ and w/o amphibians
#Output: Vector of Amphibians
amphibian_list <- vector(length = length(species_list),
mode = "character")
failed <- vector(length = length(species_list), mode = "character")
i<-1
for (species in species_list){
general_info <- rl_search(species, key = token)
tax <- general_infoSresultSclass
Sys.sleep(2)
if (general_info[1] =="0"){
failed[i] <- species
lelse if (tax == "AMPHIBIA"){
ampbhibian_list[i] <- species
}
i<-i+l
}
amph <- amphibian_listfamphibian_list I=""]
return(amph)

}

sp_family <- function (species_list, desired.family){
#Des.: Traverses through a list, and pulls out selected taxa
#Input: species_list is any list of species w/ and w/o amphibians
#Input: desired.family = name of family you'd like to pull species names
#Output: Vector of amphibian species of desired family
amphibian_list <- vector(length = length(species_list),
mode = "character")

i<-1
for (species in species_list){

general_info <- rl_search(species, key = token)

Sys.sleep(2)

family <- general_infoSresultSfamily

if (family == desired.family){

amphibian_list[i] <- species

}

i<-i+l
}
return(amphibian_listfamphibian_list 1= ""])

}

sp_threat_count <- function(threat_details_output){
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### data is a dataframe with the species_list
### as one column and the threat_code as the
### other aims to work directly with sp_threats
##t#and threat_tables
species_list <- names(table(threat_details_outputSspecies_name))
threat_count <- vector(mode = "character", length = length(species_list))
i<-1
library(dplyr)
for (species in species_list){
subset_species <- filter(threat_details_output, threat_details_outputSspecies_name ==
species)
count <- length(subset_speciesScode)
threat_count[i] <- count
i<-1+i
}
threatdf <- data.frame(species_list, threat_count)
return(threatdf)

}

sp_all_family <- function(species_list){
#returns a dataframe with species name and family name
family_list <- vector(length = length(species_list), mode = "character")
i<-1
for (species in species_list){
general_info <- rl_search(species, key = token)
family_list[i] <- general_infoSresultSfamily
i<-i+1
}
spfamily <- data.frame(species_list, family_list)
return(spfamily)

}



