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Abstract: Species abundance or population size is an ecological parameter of critical importance for 
wildlife management and conservation decisions. Widely used data collection methods, such as sign 
surveys and remote cameras, often count non-identifiable individuals or individuals prone to 
misidentification. In ecological modeling, these individuals are considered unmarked, and a state-of-the-art 
modeling approach for such data is occupancy-type modeling for unmarked individuals, which explicitly 
incorporates imperfect detection. Hierarchical modeling of this kind requires advanced statistical analyses, 
typically conducted using the R software platform and the “unmarked” package. However, these models 
can be explored only by researchers with programming skills and a thorough understanding of hierarchical 
analysis of wildlife population data. To help researchers and practitioners implement these models, we have 
developed a Shiny web-based interactive tool for wildlife population assessment, which works with data 
collected by scientists and wildlife managers. This app facilitates the use of occupancy-type modeling for 
unmarked individuals (single-season single species occupancy and N-mixture models) for non-coder users. 
The app performs simulations for single-season single species occupancy and N-mixture models with or 
without covariates, and estimates occupancy and abundance employing users provided data. The results are 
displayed as text, tables, and graphs, helping users understand hierarchical modeling and answering real-
life wildlife management questions. 
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1. INTRODUCTION 
 
Population size is an ecological parameter of 

critical importance when making wildlife 
management and conservation decisions. Mammalian 
species, such as ungulates and carnivores, are 
primarily managed based on the concept of optimum 
densities (i.e., carrying capacity) (Hunter et al., 2021). 
The effectiveness of wildlife management decisions 
(e.g., stricter protection, relocation of individuals, 
hunting permits) rely on robust wildlife abundance 
data (Darimont et al., 2018). In Romania, animal sign 
surveys are the main method for wildlife monitoring 
and have been used by wildlife managers for decades 

(Cazacu et al., 2014). However, they lack appropriate 
sampling approaches (Popescu et al., 2019). The 
outcome of this process, which does not fully account 
for other sources of bias (e.g., unbalanced sampling, 
observer error, other sources of mortality), can 
propagate errors and produce inaccurate abundance 
estimates (Popescu et al., 2016). 

Advances in digital technology used in animal 
ecological studies and emerging cost-effective tools, 
such as artificial intelligence (AI), provide an 
unprecedented opportunity for wildlife managers and 
conservationists to apply advanced monitoring 
methods worldwide, e.g., camera-trapping methods 
(Vélez et al., 2022). In Romania, recent studies using 
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camera traps to monitor terrestrial wildlife have 
produced numerous images/videos of animals 
(Băncilă et al., 2024). Still, these studies are rarely 
done methodically or with sufficient replication to 
allow robust statistical modeling (Rozylowicz et al., 
2024). Many studies focus on addressing wildlife 
manager queries (e.g., quantifying how many deer or 
bears congregate at a feeding station) rather than 
understanding which factors and processes drive the 
occurrence or distribution of species of interest. 
Consequently, much of the data collected has limited 
value for assessing patterns of species distribution 
across landscapes, and is often proprietary. Two of 
the most commonly used methods currently in 
Romania, including sign surveys and remote cameras, 
rely on counts of individuals that are not individually 
recognizable (i.e., unmarked) or can be misidentified 
by experts (Long et al., 2012). A state-of-the-art 
modeling approach known as occupancy-type 
modeling for unmarked individuals that explicitly 
accounts for imperfect detection has become widely 
used for such data (Fiske & Chandler 2011; 
MacKenzie et al., 2017; MacKenzie et al., 2002; 
Royle 2004; Tyre et al., 2003). 

Camera traps, while easily deployable, require 
following a rigorous sampling design (i.e., spatial 
arrangement, number of sampling points, and sampling 
duration). Additionally, the analysis of camera trap data 
requires advanced statistical techniques, e.g., available 
via the R software platform and employing the 
“unmarked” R package (Fiske & Chandler 2011; 
Kellner et al., 2023). The R language platform is widely 
used for ecological modeling (R Core Team 2024), but 
complex methods such as those included in “unmarked” 
package can be explored only by users with good 
programming skills and a knowledge of hierarchical 
analysis of wildlife population data (Kery & Royle 
2016; Royle & Dorazio 2008). 

To estimate site occupancy, MacKenzie et al., 
(2002) developed a single-season occupancy model that 
accounts for imperfect detection during multiple 
surveys across multiple sites. The model uses 
detection/nondetection observations, from M sites and J 
surveys at site i during survey j, yielding yi,j data. These 
values are 1 when a species is detected at site i on survey 
j and values and 0 when the species is not detected. The 
occupancy model is a hierarchical model that couples an 
ecological process determining site occupancy, with an 
observation process determining species presence. In 
the ecological process part, the latent (unobserved) state, 
represented by the true occurrence zi (zi = 1, if the site i 
is occupied; zi = 0 if the site i is not occupied) is modeled 
as a Bernoulli random variable governed by the 
parameter occupancy probability ψ [zi~ Bernoulli (ψ)]. 
In the observation process part the observations, yi,j, are 

also modeled as a Bernoulli random variable with a 
success rate that depends on the actual occurrence at site 
i, zi, and the detection probability (p) at site i during 
survey j: [yi,j | zi  ~ Bernoulli (zi p)]. In the single-season 
occupancy model, both occupancy (ψ) and detection (p) 
are constant across all sites. Both the ecological and the 
observation process are represented as logistic 
regressions making it natural to include covariates via a 
logit link function. For the observation process, we can 
distinguish between site covariates and survey 
covariates. The site covariates vary only by site and are 
constant across repeated surveys. Survey covariates 
vary across sites and surveys (MacKenzie et al., 2017; 
MacKenzie et al., 2002). 

The N-mixture (binomial) model (Royle 2004) 
follows a repeated measures design similar to the 
occupancy model, where site i = 1 to M, are sampled for 
occasions j = 1 to J, and the number of individuals of a 
species is counted. The observations are counts, yi,j of 
independent individuals within a period of closure. The 
ecological and the observational process can be 
represented as Ni ~ Poisson (λi) (initial ecological 
process i) and yi,j | Ni ~ Binomial (Ni p) (observation 
process), where p is individual-level detection 
probability. The spatial variation in local abundance at 
site i, Ni is described by a Poisson distribution with a 
mean λ. The observation submodel assumes a binomial 
distribution condition on the true population size Ni at 
site i. We can specify covariates for both abundance and 
detection probability. 

To date, there is no sampling-to-results 
application of these models available in Romania for 
wildlife managers or conservationists lacking 
advanced modeling skills. The absence of a structured 
framework for planning and implementing field 
monitoring, collecting and, analyzing data, and 
interpreting results impedes the widespread 
application of this modeling framework, particularly 
in countries like Romania with limited funding for 
applied research (Rozylowicz et al., 2024). To bridge 
this gap, we facilitate the uptake of occupancy-type 
modeling for unmarked individuals (single-season 
single species occupancy and N-mixture models) for 
wildlife managers without advanced skills in 
modeling by deploying a Shiny web-based interactive 
tool (Chang et al., 2024; R Core Team 2024) 
(WildPop, available at https://wildpop.ccmesi.ro/). 
The WildPop app will perform the necessary 
computations outlined above in a user-friendly 
graphical interface while maintaining statistical rigor. 

 
2. WORKFLOW AND METHODS 
 
WildPop is designed to fit two types of 

hierarchical models for unmarked individuals 

https://wildpop.ccmesi.ro/
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integrated into R package “unmarked” (Fiske & 
Chandler 2011), i.e., single-season single species 
occupancy model (MacKenzie et al., 2002) via 
function occu, and the N-mixture abundance model 
(Royle 2004) via function pcount. These models use 
detection/nondetection and count data (number of 
occurrences) recorded at multiple survey sites to 
concomitantly estimate the occurrence or abundance 
probability (state process) and detection probability 
(observation process) (Royle & Dorazio 2008). 

WildPop offers users the opportunity to 
explore the results of the two hierarchical models 
using simulation data based on different occurrence 
and detection probabilities (for the single-season 
single species occupancy model), or abundance and 
detection probabilities (for the N-mixture model). 
The simulation module integrated into the app also 
enables users to investigate the effects of 
environmental covariates on these parameters and 
replicates examples provided by Kery & Royle 
(2016). In the single season occupancy and N-mixture 
modules, users can fit either the occupancy or N-
mixture model and extract the results using their own 
data. For illustrative purposes, the models can be 
fitted with demo datasets. We provided Mink frogs 
(Rana septentrionalis) occurrence dataset, included 
in Popescu & Gibbs (2009) for the occupancy model, 
and Plagionotus detritus (long-horned beetle) 
abundance dataset included in Brodie et al., (2019) 
for the N-mixture abundance model. 

In the simulation of the single-season single 
species occupancy model by MacKenzie et al., 
(2002), as included in Kery and Royle (2016), users 
are required to input of a random seed number (to 
facilitate obtaining the same outputs when using 
similar parameters), the number of sites to be 
surveyed, the number of visits to record the species of 
interest, the estimated probability of occupancy, and 
the estimated detection probability. The app fits the 
null model using function occu (i.e., no covariates 
included in model) and allows users to visualize the 
results as raw summaries (model summary generated 
by “unmarked”), and occupancy and detection 
probabilities back transformed to the probability scale 
using the function backTransform. The model can be 
extended to investigate further whether explanatory 
(covariates) influence occupancy or detection 
probability. Covariates that are known to influence 
detection alongside covariates that influence 
occurrence are randomly generated as scaled 
variables, i.e., lying within the range [-1,1]; scaling 
removes the units and makes numerical covariates 
comparable. Users can explore the model by 

adjusting the intercept and slope of each covariate to 
understand how these variables affect detection and 
occupancy probabilities. Modeling results are 
visualized as occupancy and detection probabilities 
and through graphs that show the relationship 
between occurrence/detection probabilities and 
covariates. 

The simulation of Royle’s (2004) N-mixture 
abundance model is also based on the code provided 
by Kery & Royle (2016) and requires parameters 
similar to those used in the occupancy model: a 
random seed number, the number of sites to be 
surveyed, the number of visits to record the species of 
interest, estimated abundance (instead of probability 
of occupancy), and estimated detection probability (at 
individuals level). Similar to the single-season single 
species occupancy model, the results of the N-
mixture null model are shown as abundance (on log 
and natural scale) and detection probabilities (on logit 
scale and natural scale). In this null model version, 
the latent abundance distribution (mixture) is set as a 
Poisson-distributed random variable, but other types 
of count-based distributions (negative binomial and 
zero-inflated Poisson) can be specified. Extending the 
model with covariates for abundance and detection 
requires the input of the intercept and slope of each 
covariate. The app first fits a null N-mixture model 
for each latent abundance distribution (Poisson, 
negative binomial, or zero-inflated Poisson), ranks 
the three mixture-specific models by Akaike 
Information Criterion corrected for small sample 
sizes – AICc (Burnham & Anderson 2002; Mazerolle 
2024). Then, the app displays the raw model results 
on the log and natural scale and uses the best model 
(lowest AICc) to plot the relationship between 
covariates and abundance and detection. This 
includes (1) the relationship between site covariates 
and true abundance, (2) estimated abundance as 
resulted from the N-mixture model, and (3) estimated 
abundance from a Poisson regression without 
accounting for imperfect detection. 

Users can fit the single-season single species 
occupancy model (MacKenzie et al., 2002) on their 
own data (Figure 1). The model can include or 
exclude covariates for occupancy and detection. Input 
data can be selected from pre-populated datasets (for 
demonstration purposes) or uploaded by the user. The 
uploaded data must be in a single comma-separated 
values (.csv) file, following “unmarked” package 
format specifications (Fiske & Chandler 2011). Each 
row corresponds to a unique site (1 to M = 5 sites). 
Columns correspond to visits (1 to J = 4 surveys) and 
site-level covariates (i.e. distance to road (m) and land 
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Figure 1 Workflow of single-season single species occupancy model included in WildPop. The model is based on occu 
function of “unmarked” R package. 
 
Table 1 Example of dataset structure for single-season single species occupancy model: occurrence data, (binary data, 1 
for detection, 0 for nondetection) from each site (e.g., Site 1 to Site 5) during multiple visits (e.g., Visit 1 to Visit 4), site-
level covariates (e.g., distance to road and landuse) and survey covariates (e.g., wind speed recorded at each visit, Wind1 
to Wind4). For the N-mixture abundance model, data includes counts (integer, from 0 to n) from each site during multiple 
visits. NAs or blank are allowed only for visits. 

Site 
name 

Visit1 Visit2 Visit3 Visit4 Distance 
to roads 

Landuse Wind1 Wind2 Wind3 Wind4 

Site1 0 1 0 1 1.2 forest 2.5 0 1 2.2 
Site2 NA 0 0 0 0.1 grassland 12 2 0 4 
Site3 1 0 0 1 5.5 forest 4 3 0 20 
Site4 0 0 NA 0 4.5 grassland 5 4 0 2 
Site5 0 0 1 1 2 forest 0 1 0 2 

 
use type), and survey covariates (i.e. wind speed (m/s) 
(Table 1). Observations or detection/nondetection data 
(y1.1, ..., yJ,M) and values/levels of covariates are 
represented as entries in the table. Observations can 
take a value of 0 (indicating the species of interest was 
not detected), 1 (indicating the species of interest was 
detected), or left blank or labeled NA (indicating no 
survey was conducted, for example, due to the loss of 
a camera at a specific site). Occupancy covariates are 
measurements taken at each site once and are 
represented by a single individual column in the 
dataset. We recommend fitting the model with no more 
than three covariates for site occupancy. Detection 
covariates are measured at each visit, i.e., if the 
detection/nondetection data is collected during four 
visits, detection covariates must be four columns wide 
(one measurement for each visit at each site). Other 
examples of detection covariates are: number of days 
the camera was active during the particular survey 
conducted (e.g., per week, month), weather conditions, 
such as precipitation, snow, temperature during the 
survey conducted once a month or specific season. 

After selecting the columns covering the 
observation data (detection/nondetection data is 
mandatory while covariates are optional), users must 
select one of four types of models from a dropdown 
menu: (1) the Null model (the model with only 
detection/nondetection data), (2) the model with 
covariates for sites, (3) the model with covariates for 

visits, and (4) the model with covariates for sites and 
visits. Then users run the model using occu function 
in “unmarked”. The model selected should match the 
data; for example, if no covariates for visits were 
selected, the options are the Null model or the model 
with covariates for sites. The results are presented as 
model summaries of the fitted models, and a model 
selection table listing all possible simpler models of 
the global model, i.e., the most complex model the 
user considers. The model selection is done using the 
function dredge from the R “MuMIn” package 
(Bartoń 2024), that partially automates the model 
generation. Models are ranked by AICc the model 
with the lowest AICc being the best model. Users 
should select a model from the list, and the WildPop 
will return (i) the model summary, including 
coefficient estimates of occupancy and detection on 
logit-scale, (ii) graphs that show the relationship 
between the predicted values of occupancy and 
detection probabilities (on the probability scale) and 
covariates, if any selected, and (iii) graphs that show 
the variation in species detection and occupancy 
probabilities across sites or among surveys. 

For abundance, WildPop fits the N-mixture 
model of Royle (2004) with or without covariates 
using function pcount (Figure 2). Similarly to single-
season single species occupancy models, WildPop 
can fit the model using demo or user provided data. 
Data structure follows the same specifications as for 
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the occupancy model (see Table 1), except the species 
records are counts instead of 0/1 (e.g., number of 
individuals photographed at a remote camera between 
visits, number of times an animal frequented the 
area).  

After uploading the data and selecting the 
columns for counts, site-level covariates (optional) 
and surveys covariates (optional), the user can fit a 
null N-mixture model with any of three variants of 
distribution (Poisson, negative binomial, or zero-
inflated Poisson), and identify the best supported 
model (lowest AICc). After this step, the user selects 
the best distribution (or mixture) that fits the data 
from a dropdown menu (P = Poisson, NB = negative 
binomial and ZIP = zero-inflated Poisson), and runs 
one of four types of N-mixture models: count data 
only (Null model), with covariates for sites, with 
covariates for visits, and with covariates for sites and 
visits. The selection should be based on entry data 
(i.e., if there are no survey covariates selected, then 
only the Null model and the model with covariates for 
sites can be fitted). After selecting the correct model 
type and fitting the N-mixture model with function 
pcount, the results are presented as in the single-
season single species occupancy model. 

The app, available in Romanian at 
https://wildpop.ccmesi.ro/, was built in R 4.3.3 (R 
Core Team 2024) via RStudio Desktop IDE (Posit 
Software) with the following packages: “Shiny” 
(Chang et al., 2024), “unmarked” (Fiske & Chandler 
2011), “bslib” (Sievert et al., 2024), “AICcmodavg” 
(Mazerolle 2024), “MuMIn” (Bartoń 2024), “DT” 
(Xie et al. 2024), “tidyverse” (Wickham et al., 2019) 
and “shiny.busy” (Meyer & Perrier 2024). 

 
3. DISCUSSION 
 
Reliable estimates of population abundance and 

species distribution are paramount for informed wildlife 
management, especially for species in decline or species 
at the core of human-wildlife conflict. Yet, state-of-the-
art modeling approaches, such as hierarchical analysis, 
are seldom applied by researchers and wildlife 

management practitioners outside of developed 
countries (Rozylowicz et al., 2024).  

To fill this gap, we deployed a user-friendly 
Shiny app to integrate two commonly used 
hierarchical modeling methods of detection/ 
nondetection and count data, i.e., static (single 
season) single species occupancy and N-mixture 
models implemented in “unmarked” R package 
(Fiske & Chandler 2011). Shiny is a promising tool 
for allowing non-coders to use R or Python complex 
modeling approaches (Chang et al., 2024) via a 
friendly user interface. Examples of its applications 
include (e.g., species distribution modeling (Kass et 
al., 2023), hierarchical modeling and environmental 
capacity (Tang et al., 2023), occupancy studies using 
camera trap data (Tabak et al., 2020), hierarchical 
Bayesian occupancy using environmental DNA data 
(Diana et al., 2021) or tutorials for occupancy 
modeling using RPresence (Donovan et al., 2024).  

The static single species occupancy model 
(MacKenzie et al., 2002) was the first occupancy 
model developed (Kellner et al., 2023) and remains 
the most widely used in occupancy studies 
(Rozylowicz et al., 2024). This popularity is due to 
low data requirements (i.e., detection/nondetection of 
unmarked individuals at multiple sites replicated over 
time) and the relative simplicity of the model (Kellner 
et al., 2023; Kery & Royle 2016). This model allows 
the researchers to estimate the probability of 
occurrence and detection of species within the study 
area, while exploring hypotheses about the influence 
of environmental and sampling covariates 
(MacKenzie et al., 2017). 

A recent review of occupancy-types models 
(Rozylowicz et al., 2024) showed that out of 697 
studies selected for inclusion in the review, 31% 
employ single-season occupancy modeling, 
highlighting its widespread use. Common data 
collection methods for these studies include visual 
surveys (e.g., Schmidt et al., 2015), camera traps 
(e.g., Parren et al., 2022), and acoustic surveys (e.g., 
Tingley et al., 2020) (Rozylowicz et al., 2024), which 
fits well our Shiny app. Mammals are the most 

 

Figure 2 Workflow of N-mixture model included in WildPop. The model is based on pcount function of “unmarked” R package 
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modeled taxonomic groups, followed by birds and 
amphibians (Rozylowicz et al., 2024). Research 
questions were diverse, ranging from understanding 
the local probability of occupancy of a species (e.g., 
Williams et al., 2020) to documenting the impact of 
climate change on species presence at the continental 
level (e.g., Soroye et al., 2020). 

The static N-mixture method, first introduced 
by Royle (2004), is the second most used model in 
occupancy-types studies accounting for 15% out of 
697 studies reviewed by Rozylowicz et al., (2024). 
This model also has straightforward data 
requirements, relying on counts of unmarked 
individuals (Kellner et al., 2023). This model 
estimates the abundance and detection probability 
while examining the importance of environmental 
and detection covariates (MacKenzie et al., 2017; 
Royle 2004; Royle & Dorazio 2008). Researchers 
frequently use visual surveys (e.g., Harris & Betts 
2021), followed by acoustic surveys (e.g., Fogarty et 
al., 2022) and camera traps (e.g., Farr et al., 2022), to 
model primarily abundance and detection of birds 
followed by amphibians and mammals (Rozylowicz 
et al., 2024). The limited use of the static N-mixture 
approach for data obtained from camera traps, as well 
as the underrepresentation of mammals in these 
studies, are likely because count data obtained from 
camera traps can be easily integrated into more 
complex studies. 

Despite the high biodiversity of Romania 
(Rozylowicz et al., 2019, Stanciu et al., 2023) and 
stringent policy requirements for monitoring 
protected species (Pindaru et al., 2023), we found 
only four occupancy studies focused on Romania 
(Rozylowicz et al., 2024). Two studies used the N-
mixture static model to estimate the abundance of 
beetles and beetle community composition in Iron 
Gates Natural Park (Brodie et al., 2019) and brown 
bears in Eastern Romanian Carpathians (Popescu et 
al., 2017). The other two studies used slightly more 
complex methods, i.e., a multi-state occupancy 
method for modeling occurrence and breeding 
probability of Rana temporaria in Retezat National 
Park (Băncilă et al., 2017) and a multispecies 
occupancy model of two or more interacting 
carnivore species in the Southern Carpathians (Dyck 
et al. 2022). 

The lack of studies in Romania reaffirms the 
utility of an interactive app for non-coders. The app, 
together with the accompanying webpage 
(https://wildpop.ccmesi.ro) and the guideline for 
occupancy and abundance estimation of wildlife 
(Băncilă et al., 2024), will be maintained by the 
University of Bucharest and updated regularly to 
allow researchers and managers to explore the 

hierarchical modeling of occupancy-types data. 
WildPop suite will unlock the development of 
wildlife monitoring services in Romania by 
improving the capacity of interested parties to analyze 
occupancy-type data that are currently accumulating 
in national and international repositories. 

 
Acknowledgments 
 
The research was supported by a grant from the 

Executive Unit for Financing Higher Education Research 
Development and Innovation (www.uefiscdi.ro), PN-III-
P2–2.1-PED-2021–1965, Interactive tool for estimating 
abundance of wildlife populations (WildPop). 

 
REFERENCES 
 

Băncilă, R.I., Popescu, V.D., Miu, I.V., Manolache, S., 
Mirea, M.D., Nita, A. & Rozylowicz, L., 2024. 
Ghid pentru estimarea abundenței și ocupanței 
animalelor sălbatice, OSF Preprints. 1–39. 
DOI:10.31219/osf.io/4xvrs 

Băncilă, R. I., Cogălniceanu, D., Ozgul, A., & Schmidt, 
B. R., 2017. The effect of aquatic and terrestrial 
habitat characteristics on occurrence and breeding 
probability in a montane amphibian: insights from 
a spatially explicit multistate occupancy model, 
Population Ecology, 59, 71–78. DOI: 
10.1007/s10144-017-0575-4 

Bartoń, K., 2024. MuMIn: Multi-Model Inference. R 
package version 1.47.5: https://CRAN.R-
project.org/package=MuMIn 

Brodie, B.S., Popescu, V.D., Iosif, R., Ciocanea, C., 
Manolache, S., Vanau, G., Gavrilidis, A.A., 
Serafim, R. & Rozylowicz, L., 2019. Non-lethal 
monitoring of longicorn beetle communities using 
generic pheromone lures and occupancy models. 
Ecological Indicators, 101, 330–340. 
DOI:10.1016/j.ecolind.2019.01.038 

Burnham, K. & Anderson, D. (eds) 2002. Model 
selection and multi-model inference. A Practical 
Information-Theoretic Approach. 2nd Edition. 
Springer 

Cazacu, C., Adamescu, M.C., Ionescu, O., Ionescu, G., 
Jurj, R., Popa, M., Cazacu, R. & Cotovelea, A., 
2014. Mapping trends of large and medium size 
carnivores of conservation interest in Romania. 
Annals of Forest Research, 57, 1–10. 
DOI:10.15287/afr.2014.170 

Chang, W., Cheng, J., Allaire, J., Sievert, C., Schloerke, 
B., Xie, Y., Allen, J., McPherson, J., Dipert, A. & 
Borges, B., 2024. shiny: Web Application 
Framework for R. R package version 1.8.1.1: 
https://CRAN.R-project.org/package=shiny 

Darimont, C.T., Paquet, P.C., Treves, A., Artelle, K.A. 
& Chapron, G., 2018. Political populations of 
large carnivores. Conservation Biology, 32, 747–
749. DOI:10.1111/cobi.13065 

Diana, A., Matechou, E., Griffin, J.E., Buxton, A.S. & 
Griffiths, R.A., 2021. An RShiny app for 



327 

modelling environmental DNA data: accounting for 
false positive and false negative observation error. 
Ecography, 44, 1838–1844. DOI: 
10.1111/ecog.05718 

Donovan, T., Hines, J. & MacKenzie, D., 2024. 
occupancyTuts: Occupancy modelling tutorials 
with RPresence. Methods in Ecology and 
Evolution, 15, 477–483. DOI:10.1111/2041-
210X.14285 

Dyck, M.A., Iosif, R., Promberger–Fürpass, B. & 
Popescu, V.D., 2022. Dracula’s ménagerie: A 
multispecies occupancy analysis of lynx, wildcat, 
and wolf in the Romanian Carpathians. Ecology and 
Evolution, 12, e8921. DOI:10.1002/ece3.8921 

Farr, M.T., O'Brien, T., Yackulic, C.B. & Zipkin, E.F., 
2022. Quantifying the conservation status and 
abundance trends of wildlife communities with 
detection-nondetection data. Conservation Biology, 
36, e13934. DOI:10.1111/cobi.13934 

Fiske, I. & Chandler, R., 2011. Unmarked: an R package 
for fitting hierarchical models of wildlife 
occurrence and abundance. Journal of statistical 
software, 43, 1–23. DOI: 10.18637/jss.v043.i10 

Fogarty, F.A., Yen, J.D.L., Fleishman, E., Sollmann, R. 
& Ke, A., 2022. Multiple-region, N-mixture 
community model to assess associations of riparian 
area, fragmentation, and species richness. 
Ecological Applications, 32, e2698. 
DOI:10.1002/eap.2698 

Harris, S.H. & Betts, M.G., 2021. Bird abundance is 
highly dynamic across succession in early seral tree 
plantations. Forest Ecology and Management, 483, 
DOI:10.1016/j.foreco.2020.118902 

Hunter, M.L., Gibbs, J.P. & Popescu, V.D., 2021. 
Fundamentals of conservation biology (4th ed.). 
Wiley 

Kass, J.M., Pinilla-Buitrago, G.E., Paz, A., Johnson, 
B.A., Grisales-Betancur, V., Meenan, S.I., Attali, 
D., Broennimann, O., Galante, P.J., Maitner, 
B.S., Owens, H.L., Varela, S., Aiello-Lammens, 
M.E., Merow, C., Blair, M.E. & Anderson, R.P., 
2023. Wallace 2: a Shiny app for modeling species 
niches and distributions redesigned to facilitate 
expansion via module contributions. Ecography, 
e06547. DOI:10.1111/ecog.06547 

Kellner, K.F., Smith, A.D., Royle, J.A., Kéry, M., 
Belant, J.L. & Chandler, R.B., 2023. The 
unmarked R package: Twelve years of advances in 
occurrence and abundance modelling in ecology. 
Methods in Ecology and Evolution, 14, 1408–1415. 
DOI:10.1111/2041-210X.14123 

Kery, M. & Royle, J.A., 2016. Applied Hierarchical 
Modeling in Ecology: Analysis of Distribution, 
Abundance and Species Richness in R and BUGS. 
Volume 1:Prelude and Static Models. Academic 
Press 

Long, R.A., MacKay, P., Ray, J. & Zielinski, W., 2012. 
Noninvasive survey methods for carnivores: Island 
Press 

MacKenzie, D.I., Nichols, J.D., Lachman, G.B., Droege, 

S., Andrew Royle, J. & Langtimm, C.A., 2002. 
Estimating site occupancy rates when detection 
probabilities are less than one. Ecology, 83, 2248–
2255. DOI: 10.1890/0012-
9658(2002)083[2248:ESORWD]2.0.CO;2 

MacKenzie, D.I., Nichols, J.D., Royle, J.A., Pollock, 
K.H., Bailey, L. & Hines, J.E., 2017. Occupancy 
estimation and modeling: inferring patterns and 
dynamics of species occurrence (2nd edition). 
Elsevier 

Mazerolle, M.J., 2024. AICcmodavg: Model Selection 
and Multimodel Inference Based on (Q)AIC(c) 
version 2.3-3: https://CRAN.R-
project.org/package=AICcmodavg 

Meyer, F. & Perrier, V., 2024. shinybusy: Busy 
Indicators and Notifications for `Shiny' 
Applications: https://CRAN.R-
project.org/package=shinybusy 

Parren, M.K., Furnas, B.J., Barton, D.C., Nelson, M.D. 
& Clucas, B., 2022. Drought and coyotes mediate 
mesopredator response to human disturbance. 
Ecosphere, 13, DOI:10.1002/ecs2.4258 

Pindaru, L.C., Nita, A., Niculae, I.M., Manolache, S. & 
Rozylowicz, L., 2023. More streamlined and 
targeted. A comparative analysis of the 7th and 8th 
Environment Action Programmes guiding 
European environmental policy. Heliyon, 9, 
e19212. DOI:10.1016/j.heliyon.2023.e19212 

Popescu, V., Pop, M., Chiriac, S. & Rozylowicz, L., 
2019. Romanian carnivores at a crossroads. 
Science, 364, 1041-1041. 
DOI:10.1126/science.aax6742 

Popescu, V.D., Artelle, K.A., Pop, M.I., Manolache, S., 
Rozylowicz, L. & Chapron, G., 2016. Assessing 
biological realism of wildlife population estimates 
in data‐poor systems. Journal of Applied Ecology, 
53, 1248–1259. DOI:10.1111/1365-2664.12660 

Popescu, V.D. & Gibbs, J.P., 2009. Interactions between 
climate, beaver activity, and pond occupancy by the 
cold-adapted mink frog in New York State, USA. 
Biological Conservation, 142, 2059–2068.  
DOI:10.1016/j.biocon.2009.04.001 

Popescu, V.D., Iosif, R., Pop, M.I., Chiriac, S., Bouros, 
G. & Furnas, B.J., 2017. Integrating sign surveys 
and telemetry data for estimating brown bear (Ursus 
arctos) density in the Romanian Carpathians. 
Ecology and Evolution, 7, 7134-7144. 
DOI:10.1002/ece3.3177 

R Core Team. 2024. R: A Language and Environment for 
Statistical Computing. Vienna, Austria: R 
Foundation for Statistical Computing 

Royle, J.A., 2004. N‐mixture models for estimating 
population size from spatially replicated counts. 
Biometrics, 60, 108-115. DOI: 10.1111/j.0006-
341X.2004.00142.x 

Royle, J.A. & Dorazio, R.M., 2008. Hierarchical 
modeling and inference in ecology: the analysis of 
data from populations, metapopulations and 
communities. Elsevier. 

Rozylowicz L., Nita A., Manolache S., Popescu V.D. & 



328 

Hartel T., 2019. Navigating protected areas 
networks for improving diffusion of conservation 
practices. Journal of Environmental Management 
230: 413–421. DOI: 
10.1016/j.jenvman.2018.09.088 

Rozylowicz, L., Popescu, V.D., Manolache, S., Nita, A., 
Gradinaru, S.R., Mirea, M.D. & Bancila, R.I., 
2024. Occupancy and N-mixture modeling 
applications in ecology: A bibliometric analysis. 
Global Ecology and Conservation, 50, 
DOI:10.1016/j.gecco.2024.e02838 

Schmidt, J.H., Johnson, D.S., Lindberg, M.S. & Adams, 
L.G., 2015. Estimating demographic parameters 
using a combination of known-fate and open N-
mixture models. Ecology, 96, 2583–2589. 
DOI:10.1890/15-0385.1 

Sievert, C., Cheng, J. & Aden-Buie, G., 2024. bslib: 
Custom `Bootstrap' `Sass' Themes for `shiny' and 
`rmarkdown': https://CRAN.R-
project.org/package=bslib 

Soroye, P., Newbold, T. & Kerr, J., 2020. Climate change 
contributes to widespread declines among bumble 
bees across continents. Science, 367, 685–687. 
DOI:10.1126/science.aax8591 

Stanciu, E., Ioja, I.C., Tintarean, M. & Pop, M., 2023. 
Romania. Nature Conservation in Europe: 
Approaches and Lessons, ed. by G. Tucker, 534-
554. Cambridge University Press 

Tabak, M.A., Lewis, J.S., Schlichting, P.E., Snow, N.P., 
VerCauteren, K.C. & Miller, R.S., 2020. 
RapidPop: Rapid population assessments of 
wildlife using camera trap data in R Shiny 
Applications. BioRxiv, 
DOI:10.1101/2020.03.30.017103 

Tang, Q., Yan, Y., Soh, M.C. & Rheindt, F.E., 2023. 
CEAMEC 1.0: a ‘Shiny'application for cost‐
effective animal management via environmental 
capacity, Ecography, e06581. DOI: 
10.1111/ecog.06581 

Tingley, M.W., Stillman, A.N., Wilkerson, R.L., 
Sawyer, S.C. & Siegel, R.B., 2020. Black-backed 
woodpecker occupancy in burned and beetle-killed 
forests: Disturbance agent matters. Forest Ecology 
and Management, 455, 
DOI:10.1016/j.foreco.2019.117694 

Tyre, A.J., Tenhumberg, B., Field, S.A., Niejalke, D., 
Parris, K. & Possingham, H.P., 2003. Improving 
Precision and Reducing Bias in Biological Surveys: 
Estimating False-Negative Error Rates. Ecological 
Applications, 13, 1790–1801. DOI:10.1890/02-
5078 

Vélez, J., McShea, W., Shamon, H., Castiblanco‐
Camacho, P.J., Tabak, M.A., Chalmers, C., 
Fergus, P. & Fieberg, J., 2022. An evaluation of 
platforms for processing camera‐trap data using 
artificial intelligence. Methods in Ecology and 
Evolution, 14, 459–477. DOI:10.1111/2041-
210x.14044 

Wickham, H., Averick, M., Bryan, J., Chang, W., 
McGowan, L.D.A., François, R., Grolemund, G., 
Hayes, A., Henry, L., Hester, J., Kuhn, M., 
Pedersen, T.L., Miller, E., Bache, S.M., Müller, 
K., Ooms, J., Robinson, D., Seidel, D.P., Spinu, 
V., Takahashi, K., Vaughan, D., Wilke, C., Woo, 
K. & Yutani, H., 2019. Welcome to the tidyverse. 
Journal of Open Source Software, 4, 1686–1686. 
DOI:10.21105/joss.01686 

Williams, K.S., Pitman, R.T., Mann, G.K.H., 
Whittington-Jones, G., Comley, J., Williams, 
S.T., Hill, R.A., Balme, G.A. & Parker, D.M., 
2020. Utilizing bycatch camera-trap data for broad-
scale occupancy and conservation: a case study of 
the brown hyaenaParahyaena brunnea. Oryx, 55, 
216–226. DOI:10.1017/s0030605319000747 

Xie, Y., Cheng, J. & Tan, X., 2024. DT: A Wrapper of the 
JavaScript Library `DataTables': https://CRAN.R-
project.org/package=DT

 
 
 
 
 
Received at: 02. 06. 2024  
Revised at: 03. 07. 2024  
Accepted for publication at: 06. 07. 2024  
Published online at: 08. 07. 2024 


