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Abstract 17 

 18 

The intensifying pace of urbanization has prompted researchers to investigate its ecological and evolutionary 19 

consequences more deeply, yet logistic and monetary challenges can impose a barrier to research. Publicly available 20 

databases offer scientists from broad backgrounds an opportunity to circumvent those barriers, enhancing 21 

participation in urban ecology and evolution. In conjunction with computational advances, these datasets allow 22 

research to be done in silico - entirely with a computer connected to the internet. Throughout this review, we 23 

highlight how in silico approaches allow researchers to test their own hypotheses, thereby radically advancing our 24 

understanding of evolutionary and ecological processes that shape life in cities. By collating presently used 25 

databases, covering emerging tools and resources, and presenting biases and limitations of these data, we hope that 26 

this review will act as a guide for interested researchers. Opportunities to take part in this exciting field of research 27 

will continue to grow as new databases and associated tools are developed. 28 

 29 
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1) Introduction 32 

 33 

The development of large scale community science databases, the emerging emphasis on open data 34 

initiatives, and advances in computational capacity have ushered in a new era of research. Increasingly, scientific 35 

inquiry can be conducted in silico - entirely with a computer connected to the internet. This approach leverages 36 

existing, publicly available data without the need for original data collection. In silico projects remove cost barriers 37 

imposed by generating new data, making them an excellent resource for both student learning and obtaining 38 

preliminary data. This facilitates broad accessibility in academic settings and allows standalone big-data projects to 39 

be conducted cost-effectively. Using novel and creative approaches, in silico research has already begun to yield 40 

new and unique insights into ecological and evolutionary processes.  41 

Public repositories of biological data are diverse, data-rich and importantly, freely accessible online. They 42 

span a wide range of taxonomic, ecological, and spatial scales, as well as containing many data types. For example, 43 

repositories can comprise community science occurrence (e.g., iNaturalist, eBird), remotely sensed (e.g., Landsat 44 

and Sentinel satellite missions), genetic (e.g., Dryad, MacroPopGen, GenBank), trait (e.g., TRY, Aminote, 45 

EltonTrait), and open access data from published articles, among others. These datasets are an increasingly valuable 46 

resource, especially when facing uncertain funding climates. However, datasets are often scattered across disparate 47 

internet repositories, and researchers may need to synthesize data found across several sources to conduct a study. 48 

Thus, there is a need to summarize and collate resources as well as provide examples of existing studies to facilitate 49 

future in silico research.  50 

Publicly available community science generated data tends to be clustered in urban areas (Di Cecco et al., 51 

2021). As a result, this data is particularly useful for conducting studies of ecological and evolutionary processes in 52 

urban landscapes. Urbanization causes widespread land cover and environmental change (Grimm et al., 2008), 53 

resulting in areas characterized by several interrelated factors, including increased temperatures (e.g., urban heat 54 

islands), high levels of pollution, fragmented habitats, and habitat loss. These changes create novel environments, 55 

inducing strong selective pressures that shape evolutionary trajectories and ecological interactions. For example, 56 

urbanization can drive rapid adaptive evolution (Cheptou et al., 2008; Nacci et al., 2010; Winchell, Campbell-57 

Staton, et al., 2023) or shifts in phenology (D. Li et al., 2021; Merckx et al., 2021; Olsen et al., 2020), creating 58 

downstream effects on ecosystem-level processes. While ubiquitous globally, urbanization is not uniform, and its 59 
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impacts on biological processes may differ spatially, temporally, and taxonomically. The pace of urbanization is 60 

rapidly expanding, with urban land area predicted to more than quadruple by 2050 from levels in 2000 (Angel et al., 61 

2011). Given these patterns of urbanization, it is critical to assess these effects at broad spatial scales and across 62 

levels of biological organization, thereby clarifying general patterns and improving the predictability of responses to 63 

urbanization.  64 

Traditional fieldwork in urban landscapes presents several challenges. Privately owned land, theft or 65 

vandalism of field equipment (Stadnicki et al., 2024), and high urban heterogeneity (Cadenasso et al., 2007) can 66 

impede gathering enough data to make city-wide generalizations. These factors are further exacerbated when 67 

investigating trends over multiple cities (Magle et al., 2019). Repositories, such as iNaturalist, contain biological 68 

data collected across diverse land ownership and land use classes in urban areas (Di Cecco et al., 2021). Many 69 

datasets are also available at broad spatial and temporal scales, facilitating multi-city comparisons and investigations 70 

into change through time (Shultz et al., 2020). When combined with freely accessible predictor variables (e.g., 71 

climate, land cover, and sociodemographics), publicly available biological data provide a powerful platform to 72 

readily overcome existing challenges and conduct hypothesis-driven research entirely in silico.   73 

This paper aims to provide a thorough guide for conducting urban ecology and evolution (UEE) research in 74 

silico. This is done by: (1) summarizing the existing data repositories currently available and highlighting the 75 

research questions that have been addressed by innovative approaches that leverage these data across multiple levels 76 

of biological organization (Table 1, Table 2, Figure 1), (2) highlighting emerging resources and computational tools 77 

that will maximize the utility of publicly available data for research in silico, and (3) discussing biases and 78 

limitations in these data and demonstrating how this data can be used to enhance participation in UEE research. By 79 

outlining both resources and example studies, this paper aims to provide a roadmap for future researchers addressing 80 

ecological and evolutionary dynamics in cities in silico. 81 

 82 

2) Data sources and examples of novel studies leveraging publicly available data 83 

 84 

In this section, we summarize publicly available data sources and highlight specific studies that have 85 

leveraged these resources to answer novel questions in urban landscapes, often leveraging urbananization gradients 86 

(Figure 1). Importantly, we focus on research that has been conducted mostly or entirely in silico. For clarity, this 87 



section is arranged by biological level of organization. This is not meant to be a comprehensive review; rather, the 88 

studies chosen highlight innovative approaches and emphasize the utility of these data for advancing the field of 89 

UEE. Our review focuses on studies that cover all biological levels and are entirely reliant on publicly available 90 

datasets. When few qualifying studies were found, we supplemented subsections with hybrid approaches.  91 

 92 

To facilitate future in silico research, we present two summary tables to assist in study design. Table 1 93 

summarizes research questions that have been addressed and the sources of biological data used. Table 2 compiles 94 

commonly used non-biological data that often serve as covariates or predictor variables, such as measures of urban 95 

intensity (e.g., percent of a surface that is impervious). Together, these resources are used to illustrate the depth and 96 

breadth of questions and data that can be synthesized for UEE studies.  97 

 98 

 99 

Figure 1. From genes to ecosystems, examples of publicly available datasets that have enabled urban ecology and 100 

evolution studies to be conducted at multiple levels of biological organization. Here, we illustrate examples of studies that 101 

have assessed the effects of urbanization using publicly available datasets. The schematic depicts the dominant pattern that 102 

emerges with increasing urbanization. The corresponding research questions addressed by these studies can be found in Table 1. 103 

Urbanization

Species and populations
Costentino and Gibbs, 2022

Genetic Diversity
Schmidt et al., 2020

Species interactions
Marín-Gómez et al., 2022

Ecosystems and Biodiversity
Callaghan et al., 2019



 104 
Biological Level Subject Questions Biological Data Sources Examples 

Ecosystems and 
Biodiversity 

Community 
assemblage and 
biodiversity 
distribution 

• How does species diversity vary across urbanization gradients?1  

• Are patterns of urban biodiversity related to socioeconomic or 
sociodemographic variables or historic redlining?2 

• Where are the biodiversity hotspots on urban landscapes?3 

iNaturalist, Google Street View, 
eBird, Birds of the World, 
Norfolk Bat Survey, Global 
Biodiversity Information 
Facility (GBIF), Australian 
Department of the Environment 

Beninde et al., 20233; Border et al., 
20171,3; Callaghan, Bino, et al., 
20191; Estien et al., 20242; Fitch, 
Wilson, et al., 20191; Ives et al., 
20163; Kinnunen et al., 20241,2; 
Leong and Trautwein, 20192; E. Li 
et al., 20191,5; Prudic et al., 20184; 
RužanoviĆ and StankoviĆ, 20231; 
Velasquez-Camacho et al., 20243 

 Urban Tolerance • Does urbanization result in biotic homogenization of species 
composition?1 

• Does urbanization act as a filter to select for tolerant species?2 

• Is there phylogenetic signal in urban tolerance?3 

• Which species traits confer urban tolerance?4 

• Is urban tolerance generalizable across cities?5 

• How does urban tolerance vary by taxonomic group? 

• Does urbanization filter for reproductive strategies in plants? 

Amniote Life-History database, 
AnAge, EtlonTrait, 
PanTHERIA, Previously 
published phylogeny, eBird, 
GBIF, iNaturalist, AVONET, 
BirdBase, Birds of the World, 
Bird Life 

Hensley et al., 20191,2,4,5; Winchell 
et al., 20203,4; Callaghan, Major, et 
al., 20192,4; Neate-Clegg et al., 
20232,3,4; Kinnunen et al., 20221,3,5; 
Santini et al., 20193,4; Curti et al., 
20245 

 Ecosystem 
function 

• How does urbanization interact with other stressors (e.g., drought) 
to affect urban vegetation health and resilience?1 

• Are patterns of vegetation health and resilience related to 
socioeconomic or sociodemographic variables?2 

NASA (National Aeronautics 
and Space Administration), 
ESA (European Space Agency), 
Copernicus 

Dong et al., 20231,2; Leisenheimer 
et al., 20241; 

 Phenological 
Change 

• How does urbanization affect the timing and duration of 
community-level phenological events?1 

• Does urbanization result in phenological shifts?2 

• Does tree species diversity explain growing season length in 
urban forests? 

• Do phenological shifts affect species-interactions in urban 
areas? 

iNaturalist, pan-European 
Phenology Project (PEP), 
national Phenology Network 
(NPN), GBIF, Previously 
published phylogeny, Open 
Tree of Life 

D. Li et al., 20211; Owen et al., 
20242; Wohlfahrt et al., 20191,2; 
Merckx et al., 20212; Li et al., 
20171 

Species 
Interactions 

Plant-animal and 
animal-animal 
interactions 

• How does urbanization affect plant-pollinator networks?1 

• How does urbanization affect plant-herbivore interactions?2 

• How does urbanization affect predation?3 

• Do interactions change through time?4 

• Do urban gardens provide pollinator resources to native 
insects? 

iNaturalist, eBird, GBIF Marín-Gómez et al., 20221; 
Meineke et al., 20192,4; Putman et 
al., 20213 

Species and 
Populations 

Adaptations • Is there evidence of heat stress adaptation among urban 
populations?1 

• How does urbanization affect body size?2 

• How does urbanization affect color patterning?3 

iNaturalist, VertNet, National 
Ecological Observatory 
Network (NEON), North 
American Census of Small 
Mammals (NACSM) 

Cosentino and Gibbs, 20223; 
Fukano et al., 20231,3; Hantak et al., 
20212,4. 

 Plastic responses • Do traits respond plastically to urbanization?1 

• Do traits exhibit a greater degree of plasticity in urban 
environments? 

iNaturalist, TRY, Nocturna, 
Swedish and Finnish Butterfly 
Monitoring Scheme, Finnish 
Biodiversity Info Facility, 
BugGuide 

Batool et al., 20241; Ibsen et al., 
20231; Merckx et al., 20211 

 Genetic Diversity • How does urbanization affect population genetic parameters like 
genetic diversity, Ne, FST, allelic richness, etc.)1 

• Have population genetic parameters changed through time in urban 
areas?2 

• Is genetic diversity related to socioeconomic or sociodemographic 
variables?3 

• How does urbanization affect inbreeding in wild populations? 

Dryad, GenBank, DataOne, 
BOLD, Sequence Read Archive 

Millette et al., 20201,2; Miraldo et 
al., 20161; Schmidt et al., 2020, 
20211; Schmidt and Garroway, 
20223; Habrich et al., 20211; 
Karachaliou et al., 20251 



Table 1. This table summarizes the types of research questions that have been addressed across various levels of biological 105 

organization and provides representative examples. Questions in bold deserve greater exploration using publicly available 106 

datasets. It also summarizes the resources used to obtain the biological data analyzed in the studies. Often, these data serve as 107 

response variables in models evaluating the effect of urbanization on ecological and evolutionary processes. 108 

 109 

Predictor Variable Category Sources Examples 

Urbanization Ocean Health Index Cumulative Human Impacts1, 
National Land Cover Database Impervious 
Surface (NLCD)2,  Global Man-made Impervious 
Surface (GMIS)3, 2010 Global Tree Cover 
Dataset4, VIIRS Nighttime Light5, Human 
Population Density6, Human Footprint Index7, 
Anthropogenic biomes or Anthromes8, History 
database of the Global Environment (HYDE)9, 
National Park Service Noise Pollution10, US 
National Transportation Noise Map11, Copernicus 
Land Monitoring Service (CLMS) impervious 
surface12, European Settlement Map13, Gridded 
Population of the World14, Defense 
Meteorological Satellite Program Operational 
Linescan System15; OpenPopGrid16, Australian 
Bureau of Statistics17, OpenDataSoft18; World 
Urban Areas19 

Batool et al., 20246; Callaghan, Major, 
et al., 20195; Cosentino and Gibbs, 
20223,4; Curti et al., 20242,5,10; Estien et 
al., 20242; Fitch, Wilson, et al., 20192; 
Hantak et al., 20216; Karachaliou et 
al., 2025; Leong and Trautwein, 
20192; D. Li et al., 20216; E. Li et al., 
20192, 6, 11; Meineke et al., 20196; 
Millette et al., 20209; Miraldo et al., 
20168; Owen et al., 20242; Putman et 
al., 20212; Schmidt et al., 2020, 20217; 
Schmidt and Garroway, 20227; 
Wohlfahrt et al., 201912,13; Habrich et 
al., 202114; Li et al., 201715, Border et 
al., 201716, Neate-Clegg et al., 
20235,14,18, Santini et al., 201919 

Climate (current and projected) WorldClim1, CHELSA2, ClimateNA3, PRISM4, 
NASA NEX-DCP305, NASA NEX-GDDP6, 
Basin Climate Characterization Model (BCM)7, 
Environment Canda8, TerraClimate, Palmer 
Drought Severity Index9 

Batool et al., 20248; Beninde et al., 
20231,2,3; Cosentino and Gibbs, 20221; 
Hantak et al., 20214; D. Li et al., 
20214,5,7; Meineke et al., 20204; Owen 
et al., 20241; Winchell et al., 20201; 
Dong et al., 20194,9 

Land Use and Land Cover National Land Cover Database (NLCD)1, 
MODIS2, Landsat3, CORINE Land Cover4, USGS 
Hydrography Dataset5; Copernicus Land 
Monitoring Service (CLMS)6, Global Roads 
Open Access Dataset (gROADS)7, Highway 
Performance Monitoring System8, Mapping 
Inequality database (historical HOLC maps)9 
 

Callaghan, Major, et al., 20192,3; 
Callaghan, Bino, et al., 20191; Estien 
et al., 20259; E. Li et al., 20191, 3, 5; 
RužanoviĆ and StankoviĆ, 20234; 
Wohlfahrt et al., 20191,6, Habrich et 
al., 20217,8, RužanoviĆ and 
StankoviĆ, 20234 

Socio-demographic and Socio-
economic 

United States Census Bureau1, Statistics Canada2, 
CalEnviroScreen3, CEJST, IPUMS4 

Batool et al., 20242; Kinnunen et al., 
2025, 20221; E. Li et al., 20191,3; 
Schmidt et al., 2021, 20201,2; Schmidt 
and Garroway, 20221,2,4 

Table 2. This table summarizes the data sources for common predictor variables used in models assessing urban ecological and 110 

evolutionary processes. It also lists the specific studies that the data sources were used in. Studies may use more than one data 111 

source to capture different aspects of urbanization. 112 

 113 



 114 

2.1) Ecosystems and biodiversity distribution 115 

 116 

2.1.1) In silico insights into community assemblage and biodiversity distribution  117 

Occurrence datasets (e.g., iNaturalist, eBird, GBIF) have been used to examine how biodiversity varies 118 

along urbanization gradients. With these datasets, researchers can test whether urbanization homogenizes species 119 

assemblages within cities and identify biodiversity hotspots in urban landscapes (Table 1). These studies span a 120 

wide range of taxonomic clades, including birds (Callaghan, Bino, et al., 2019; Hensley et al., 2019; Kinnunen et al., 121 

2024), insects (Fitch, Wilson, et al., 2019; Prudic et al., 2018; Ružanović & Mičetić Stanković, 2023), mammals 122 

(Border et al., 2017; Santini et al., 2019), and plants (Ives et al., 2016; Velasquez-Camacho et al., 2024). Several 123 

studies have also compared patterns of biodiversity and community assembly across clades (Beninde et al., 2023; 124 

Estien et al., 2024; Leong & Trautwein, 2019; E. Li et al., 2019; Curti et al., 2024). This work has helped uncover 125 

the effects of urbanization on species diversity and richness, which may depend on various factors, such as local 126 

landscape structure or evolutionary history. (Callaghan, Bino, et al., 2019) leveraged eBird to obtain over four 127 

million occurrence records throughout the contiguous USA, finding that bird richness and diversity were highest in 128 

urban greenspaces relative to natural green areas or medium/high developed areas. They attributed this response to 129 

increased habitat heterogeneity within urban greenspaces relative to either natural or developed areas, suggesting 130 

habitat structure influences urban bird diversity. Fitch, Wilson, et al., (2019) repurposed data from previous studies 131 

(Fitch, Glaum, et al., 2019; Jamieson et al., 2019) to find that urbanization positively influences introduced bee 132 

species, but not native species in Michigan, USA. These findings provide insights into how origin may predict 133 

species responses to urbanization. 134 

Recent work has revealed that historical housing policies in the USA, such as redlining, the systematic 135 

exclusion of minority neighborhoods from receiving the same loans as wealthier, often white neighborhoods, 136 

continue to influence ecological and evolutionary processes in cities (Schell et al., 2020). For example, Estien et al., 137 

(2024) integrated over 120,000 iNaturalist observations, digitized HOLC (home-owners loan corporation) historical 138 

maps, and data from the National Land Cover Database (NLCD) to assess whether species richness and community 139 

assembly of birds, insects, arachnids, reptiles, and amphibians differ among historical HOLC grades that range from 140 

grade A (“best” or “greenlined” neighborhoods) to D (hazardous or redlined). Greenlined neighborhoods had higher 141 



species richness than redlined neighborhoods, indicating that the legacy of discriminatory housing practices shapes 142 

contemporary patterns of urban biodiversity. The authors hypothesized that this pattern can be attributed to spatial 143 

differences in environmental quality caused by systematic disinvestment in redlined neighborhoods. 144 

2.1.2) Assessing urban tolerance across cities 145 

Urban environments impose novel conditions that constrain which species can survive in cities. Species are 146 

often divided between those that succeed in urban environments – urban exploiters or urban adapters – and those 147 

that are excluded and threatened by urban expansion – urban avoiders (Blair, 1996, 2001; Faeth et al., 2011). Urban 148 

adapters are hypothesized to possess exaptations that facilitate urban success or tolerance (Winchell et al., 2023).  149 

In silico approaches have combined occurrence data (e.g., GBIF, iNaturalist, and eBird) with trait databases 150 

to test hypotheses about urban tolerance, such as the Functional Biotic Homogenization hypothesis (Olden et al., 151 

2004). This hypothesizes that within taxonomic groups, species traits are predicted to converge in response to urban 152 

conditions. Such analyses can uncover which species are most tolerant, which traits are most beneficial, and whether 153 

urban tolerance patterns are city-specific or generalizable across urban areas.  154 

 Winchell et al. (2020) used a phylogenetic framework to understand the role evolutionary history plays in 155 

urban tolerance among Caribbean anoles (Anolis spp.). Using GBIF and iNaturalist occurrence data, they found 156 

strong phylogenetic signals of urban tolerance in the Anolis genus. Additionally, locomotor traits such as rear 157 

lamellae number and hindlimb length were positively associated with urban tolerance. Warm temperature specialists 158 

were more likely to be urban tolerant, indicating that the urban heat island effect may impose an ecological filter for 159 

urban species composition. Previously, Callaghan, Major, et al., (2019) found a similar pattern in birds. The authors 160 

classified eBird observations using a continuous urbanization index (Table 2). The results showed generalism in 161 

feeding and breeding habitat, clutch size, and residual brain and body size were important for urban bird tolerance. 162 

Neate-Clegg et al., (2023) also found that select functional traits are associated with urban tolerance on a global 163 

scale. Latitude and human population density modulated this association for some traits. For example, the 164 

relationship between urban tolerance and body mass changed with latitude. 165 

 City-specific tolerance has been found as well, especially when accounting for city-level characteristics, 166 

such as the socioeconomic status and structure of the built environment. Hensley et al., (2019), using previously 167 

published bird counts, and Kinnunen et al., (2022), using eBird observations, combined bird counts and species-168 

level trait data (Amniote Life-History database, BirdLife, Birds of the World) to investigate patterns of city-specific 169 



tolerance. Both studies found that urban tolerance of bird species is influenced by inter-city variability, resulting in 170 

differential trait-based filtering. Traits that varied across cities include body size, clutch size, longevity, diet guild, 171 

habitat preference, and migratory status.  172 

 Our ability to understand urban filters will continue to increase as publicly available datasets grow. 173 

Moreover, in silico approaches can be used to compare cities around the globe, explaining how cultural, historical, 174 

and structural characteristics of cities influence species filters. Further research can also test whether these 175 

conclusions broadly extend to other taxonomic groups.  176 

 177 

2.1.3) Understanding urban ecosystem function with publicly available data 178 

Freely available remotely-sensed satellite data (e.g., Landsat, MODIS, Sentinel, etc.) allows researchers to 179 

study landscape-scale responses of ecosystems to urbanization (Cârlan et al., 2020; Dong et al., 2019; Khikmah et 180 

al., 2024; Leisenheimer et al., 2024). Satellite programs collect imagery with high spatial resolutions (e.g., 10-30 181 

meters) and temporal frequencies (e.g., twice monthly), covering a global extent that can span decades. For example, 182 

Landsat, a satellite program developed by NASA in the USA, has been collecting 30 meter resolution imagery at a 183 

global scale for more than 50 years (Crawford et al., 2023). These satellites are capable of capturing multispectral 184 

imagery, such as near-infrared light (NIR). NIR is reflected by healthy, photosynthetically active vegetation, and can 185 

be used to calculate the normalized difference vegetation index (NDVI) by using red reflectance (see Huang et al., 186 

2021 for a review and recommendations for using NDVI in scientific studies) among other vegetation indices. NDVI 187 

can be used to monitor vegetative responses, including plant stress. When combined with climate data, researchers 188 

can begin to understand how altered environmental conditions, like heat or drought, influence responses of urban 189 

vegetation, especially along sociodemographic and economic gradients. Dong et al., (2019) used this metric, via 190 

MODIS data, to assess the sensitivity of urban vegetation to drought over a 20-year period in Los Angeles, 191 

California, USA. They found that vegetation was more sensitive to drought in economically disadvantaged 192 

communities, leading to less healthy vegetation and greater exposure to heatwaves under drought conditions. 193 

 Historically, analyzing remotely-sensed satellite data imposed a computational burden that limited its 194 

accessibility. With cloud-based computing such as Google Earth Engine (GEE), remote sensing workflows have 195 

undergone radical transformations. At present, GEE provides access to >80 petabytes of publicly available data for 196 

noncommercial use and affords researchers the computational power to analyze it (Cardille et al., 2024). This makes 197 



an internet connection the sole constraint for these projects. With tools such as the R package rgee (Aybar, 2023), 198 

researchers can integrate GEE remote sensing data and functionality into an R-based workflow via a user-friendly 199 

interface. These new tools enable in silico multi-city comparisons, providing novel opportunities to assess whether 200 

cities differ in vegetation response to climate, drought, or urbanization and identify the potential drivers of such 201 

differences. 202 

 203 

2.1.4) Phenological changes reflected in publicly available data 204 

Mounting evidence suggests that phenology - the timing of life history events such as autumn senescence, 205 

seasonal migration, or flowering period - is sensitive to temperature and is an important bioindicator of climatic 206 

shifts (Fitter & Fitter, 2002; Walther et al., 2002; Visser & Both, 2005). Cities tend to be warmer than surrounding 207 

rural areas due to the absorption and maintenance of heat by impermeable surfaces, a phenomenon known as the 208 

urban heat island effect. These increased temperatures advance phenology and lengthen periods of activity in urban 209 

areas relative to rural landscapes (D. Li et al., 2021; Merckx et al., 2021; Wohlfahrt et al., 2019). Phenological data 210 

may be sourced from iNaturalist (D. Li et al., 2021), digitized museum collections (e.g., herbarium specimens; 211 

Willis et al., 2017), dedicated phenological monitoring networks (Merckx et al., 2021; Wohlfahrt et al., 2019), and 212 

remotely-sensed data sources (Li et al., 2017). For example, Wohlfahrt et al., (2019) demonstrated urbanization in 213 

Europe leads to earlier leaf out, flowering, and fruiting as well as delayed senescence by leveraging data from the 214 

Pan European Phenological Project. The use of public data demonstrated a consistent effect of the urban heat island 215 

on plant phenology. 216 

Although plants have been the focal group for most urban phenological studies using publicly available 217 

data, occurrence data also exist for a broad range of other groups (Olsen et al., 2020). For example, Owen et al., 218 

(2024) used iNaturalist records to document earlier activity of the invasive spotted lanternfly (Lycorma delicatula) 219 

in response to increased temperatures in cities. Their results suggest that the urban heat island effect could facilitate 220 

species movements into cities in colder climates. Similarly, Merckx et al., (2021) used community science data from 221 

insect monitoring networks in Europe to investigate the phenology of two lepidopteran species. The authors found 222 

that urban populations had longer periods of flight activity relative to their rural counterparts. Follow-up 223 

experiments confirmed that these shifts were driven by changes in life-history plasticity in both species. Research 224 

expanding beyond plants will facilitate our understanding of how urbanization affects ecological interactions. As 225 

https://www.zotero.org/google-docs/?broken=WujwVs
https://www.zotero.org/google-docs/?broken=WujwVs


suggested by Bell et al. (2021), occurrence datasets such as iNaturalist and museum collections are well-suited to fill 226 

this knowledge gap. 227 

 228 

2.1.5) Uncovering urban species interactions using in-silico approaches 229 

 The high habitat heterogeneity in urban environments can influence species behaviors and interactions 230 

(Diamond & Martin, 2021; Irwin et al., 2020). Occurrence data have been widely used to document spatial patterns 231 

of biodiversity (e.g., using the spatial coordinates of these records; Beninde et al., 2023), but their associated 232 

photographic data remain an underutilized research asset (Pernat et al., 2022). These photographs, sometimes termed 233 

“secondary data”, are a rich source of information that can be creatively leveraged to quantify ecological interactions 234 

in cities. Importantly, they overcome the challenges of assembling sufficiently large datasets for organisms that are 235 

difficult to monitor (Putman et al., 2021).  236 

Marín-Gómez et al., (2022) developed a framework for these studies by compiling a dataset of 237 

hummingbird-plant interactions across an urbanization gradient. The authors leveraged 742 photographs available 238 

through iNaturalist and eBird to construct plant-pollinator networks. The findings demonstrated that in Mexico City, 239 

MX, the hummingbird-plant networks were more generalized compared to the surrounding natural areas. They also 240 

found that in urban settings, non-native plant species and non-bird pollinated plants were important network 241 

components. Thereby, emphasizing the important role that urban pollinator gardens play in increasing functional 242 

connectivity between plants and pollinators. 243 

Image data has also been used to infer how species interactions change through time. Meineke & Davies, 244 

(2019) used 576 herbarium records to document changes in plant-herbivore interactions over a 100-year time period 245 

by assessing leaf herbivore damage. They found that although rising temperatures increased herbivory, urbanization 246 

disrupted this trend, potentially due to a lower abundance of herbivores in cities. Subsequent work has provided a 247 

framework for studying long-term plant-herbivore dynamics in silico by replicating the findings using digitized 248 

herbarium specimens (Meineke et al., 2020).  249 

Photographic data has also been used to study animal-animal interactions. Putman et al., (2021) used 250 

images from iNaturalist to study predation and parasitism of the elusive Southern alligator lizard in California, USA. 251 

From the images, they quantified the risk of predation, using lizard tail breaks as a proxy, and parasitism, based on 252 

the presence and abundance of ticks. Their results demonstrated that urbanization has opposing effects of predation 253 

https://www.zotero.org/google-docs/?broken=V7Sc9n
https://www.zotero.org/google-docs/?broken=4rkuTf


and parasitism on lizards. Urbanization correlates with increased predation, attributed to increased house cat 254 

abundance, but also decreased parasitism, likely due to the lower abundance of viable tick hosts in cities. 255 

In sum, these studies demonstrate the power of crowd-sourced image data and how secondary data may be 256 

used for understanding species interactions. This relatively untapped resource allows large datasets to be obtained 257 

that would otherwise be arduous for an individual researcher to collect. In silico approaches that leverage secondary 258 

photographic data will be further facilitated by machine-learning techniques that are specialized for large-scale 259 

image analyses (see section 3.2). 260 

 261 

2.2) Species and populations 262 

  263 

2.2.1) Publicly available data reveal urban evolutionary adaptations 264 

Research assessing evolutionary processes in urban landscapes has seen a marked increase in the last 15 265 

years (Diamond & Martin, 2021). This body of work has uncovered how trait evolution is shaped by urban 266 

conditions, such as elevated levels of impervious surfaces, increased temperature, changes in resource availability, 267 

and pollution (Cheptou et al. 2008; Campbell-Staton et al., 2021; Oziolor et al., 2014). Increasingly, multi-city 268 

comparisons have become a microcosm for studying parallel evolution (Reid et al., 2016; Santangelo et al., 2022; 269 

Winchell et al., 2023). A typical multi-city project would involve significant logistical challenges and financial 270 

costs, but the abundance of photographic data from community science initiatives alleviates these issues. This makes 271 

in silico approaches an advantageous avenue to understand how urbanization may elicit adaptive morphological 272 

changes. 273 

Cosentino & Gibbs (2022) demonstrated the power of in silico work by asking how urbanization influences 274 

melanization patterns in eastern gray squirrels. This is a known Mendelian trait in eastern grey squirrels, allowing 275 

for genotyping by photographic data. The authors compiled >60,000 iNaturalist photos across 43 cities, and 276 

community scientists scored squirrel coat color using Zooniverse, a platform to crowd source data collection for 277 

scientific research. Melanism increased with the percent impervious surfaces, especially in large, heavily forested, 278 

northern cities. The authors theorize that the inferred parallel shifts in melanism are in response to similar selective 279 

pressures, such as predation or selection on correlated traits.  280 



Similarly, Fukano et al., (2023) combined iNaturalist photos of the flowering plant Oxalis corniculata with 281 

the percent impervious surface as a metric of urbanization. The authors found higher proportions of red individuals 282 

in urban areas, supporting their hypothesis that red leaf color is adaptive within an urban context. Further 283 

experimentation supported this, as red coloration potentially helps plants cope with the urban heat island effect.  284 

Other digitized repositories have extended UEE studies beyond the traits that may be captured in 285 

photographs. In one such example, Hantak et al., (2021) used publicly available mammalian datasets to test 286 

Bergmann’s rule, which states that in cooler climates populations tend to have larger body sizes (Bergmann, 1847). 287 

A dataset of over 100,000 size measurement records was assembled using VertNet, NEON, and NACSM, and 288 

correlated with human population density. The authors found that, despite the urban heat island effect making cities 289 

warmer (Phelan et al., 2015), Bergmann’s rule did not apply. Their results provide further avenues for study, such as 290 

whether patterns in body size are better explained by access to novel food sources. 291 

 In summary, these studies demonstrate the effectiveness of in silico approaches for compiling multi-city 292 

datasets of photographic data and identifying broad trends of parallel evolution. Integrating digitized traits and other 293 

specimen data will undoubtedly provide further avenues for study and help clarify how urban environments drive 294 

evolutionary change. 295 

 296 

2.2.2) Inferring plastic responses to urbanization using publicly available data    297 

Phenotypic plasticity, the ability for a single genotype to express differing phenotypes due to environmental 298 

conditions, can facilitate success in urban areas by buffering organisms against stressful urban conditions (Bressler 299 

et al., 2020). However, plasticity may also be maladaptive, leading to rapid adaptation or local extinction 300 

(Gomulkiewicz & Holt, 1995; Chevin et al., 2010; Ghalambor et al., 2015; Diamond & Martin, 2021). Studying 301 

plasticity (adaptive or maladaptive) in urban organisms can inform researchers of the genetic mechanisms 302 

underlying population persistence in novel environments. 303 

In silico approaches allow scientists to ask whether urban environmental cues elicit known plastic 304 

responses (Table 1). For example, Batool et al., (2024) tested how temperature differences, due to the urban heat 305 

island and latitude, affect cuticular melanin of monarch larvae, a known plastic trait. Using iNaturalist and 306 

BugGuide, they quantified melanism in larvae and correlated it with human population density and latitude. Larvae 307 

at warmer, lower latitudes had decreased levels of melanin. Urbanization, however, did not elicit a significant effect 308 



on melanism, indicating that increased temperatures due to the urban heat island effect were insufficient to trigger a 309 

plastic response. 310 

Trait databases such as the TRY Plant Trait Database (Table 1) have also proven valuable for studying 311 

plasticity. Using a partially in silico approach, Ibsen et al., (2023) compared water use and carbon gain strategies 312 

between 30 species of trees in urban Los Angeles and in their respective native habitats. Urban trees were irrigated, 313 

and trait data were collected in situ, while trait data for unirrigated trees in their native range were obtained from 314 

TRY. To collect such a trait dense dataset would require global fieldwork and be logistically challenging; however, 315 

the TRY database allowed Ibsen et al., (2023) to adapt several studies into a robust comparative analysis. Their 316 

analysis revealed a decoupling of the relationship between carbon gain and water use among urban trees relative to 317 

those in their native habitat. The effects were magnified in arid locations, presumably as a result of high resource 318 

availability.  319 

Although these examples show that plasticity may be inferred from in silico datasets, caution should be 320 

taken to avoid conflating plasticity and evolutionary adaptation. The outlined examples involved researchers using 321 

datasets of species with known plastic responses to make their inference (Ibsen et al., 2023; Batool et al., 2024), and 322 

this is key to designing a robust study using publicly available data. 323 

 324 

 325 

2.2.3) Investigating how urbanization influences genetic diversity in silico 326 

Urbanization is hypothesized to reduce genetic variation due to habitat loss and increased fragmentation, 327 

which decreases effective population size and disrupts gene flow (Johnson & Munshi-South, 2017). Understanding 328 

the influence urbanization has on genetic diversity is imperative for developing conservation strategies and 329 

predicting the persistence of urban populations. 330 

 Traditionally, samples are collected and sequenced, which can be laborious, time consuming, expensive, 331 

and logistically infeasible. These challenges can be amplified for multi-city or multi-species studies. However, there 332 

is a rich history of depositing genetic data into repositories such as GenBank, DataOne, or MacroPopGen, making in 333 

silico approaches a powerful alternative (Table 1).  334 

For example, Schmidt et al., (2020) compiled a dataset of microsatellites to assess whether urbanization 335 

and human land use negatively affect population genetic parameters. DataOne and Dryad were used to obtain data 336 



from 66 species of North American mammals and non-migratory birds. Using these microsatellites, they calculated 337 

effective population size, gene diversity, allelic richness, and fixation index (Fst). These metrics were then correlated 338 

with measures of urbanization, including urban vs. rural land use classifications, human population density (U.S. 339 

Census Bureau and Statistics Canada), and the Human Footprint index. With increasing urbanization, mammals 340 

exhibited consistent and significant decreases in effective population size, allelic richness, and gene diversity, as 341 

well as an increase in population differentiation. Similar results were found when Miraldo et al., (2016) used 342 

publicly available amphibian cytochrome B (cytB) and mammalian cytochrome c oxidase subunit 1 (CO1) 343 

sequences to analyze genetic diversity at a global scale. However, they did not find that human disturbance 344 

negatively affected genetic diversity using the cytB sequences in mammals. Conversely, Millette et al., (2020) found 345 

that genetic diversity at the bird and mammalian CO1 gene was not affected by increased human density. In silico 346 

approaches using microsatellites have also been applied to amphibians and reptiles (Schmidt & Garroway, 2021) 347 

and marine fishes (Karachaliou et al., 2025), showing neutral and negative effects, respectively. 348 

Habrich et al., (2021) reused microsatellite data from MacroPopGen (Table 1) to ask how road networks 349 

and human population density (Table 2) affect the genetic diversity of North American terrestrial mammals. They 350 

found genera-specific effects that are weakly modulated by life history traits and behaviors. For example, genera 351 

with large home range sizes, such as Caribou (Rangifer), were most negatively affected by increasing road density. 352 

Furthermore, the authors found that human density has a greater negative effect on genetic diversity than road 353 

impacts do, corroborating the results of Schmidt et al., (2020). 354 

Public data also allows researchers to explore how past and present social policies and practices impact the 355 

genetic landscape of cities. For example, historical redlining influences neighborhood demographics and the 356 

distribution of wealth across urban areas. Although outlawed today, the effects of this practice remain evident. 357 

Schmidt and Garroway (2022) analyzed microsatellite data from DataOne for 40 terrestrial animal taxa. They tested 358 

whether socioeconomic legacies influence population genetic metrics, and found that wildlife in predominantly 359 

white neighborhoods maintained slightly larger effective population sizes, higher genetic diversity, and lower 360 

genetic differentiation. These results highlight how past and contemporary societal processes contribute to 361 

neighborhood-specific results (Schell et al., 2020). 362 



 Collectively, the studies outlined demonstrate that urbanization and its influences on population dynamics 363 

may be inferred using in silico approaches. Consistent patterns emerge across studies, yielding critical insights that 364 

can inform city planning more effectively. 365 

 366 

3) Resources for use in Urban Ecology and Evolution 367 

 368 

3.1) Emerging and Underutilized Datasets 369 

 370 

In this section, we present a range of emerging and underutilized resources that show promise for studying 371 

UEE. Like all resources, the extent to which they may be leveraged varies. Importantly, scientists and the general 372 

public can contribute to these repositories by depositing their own original data, allowing data to be repurposed and 373 

fully utilized in new and creative ways. Larger repositories and in silico approaches offer the ability to combine and 374 

synthesize data, producing new insights into the broader patterns of urbanization. In addition to the datasets and 375 

repositories covered here, The Opportunistic Database of Biodiversity Databases 376 

(https://earthskysea.org/biodiversity-databases/) and The Urban Eco-Evo Trait Mapping Toolkit (Savage et al., 2024 377 

- https://www.urbanevoecotools.org/) document databases that may have relevance to UEE.  378 

 379 

3.1.1) Digitized Museum Specimens 380 

Natural history collections house a plethora of information relevant to UEE (Shultz et al., 2020), but access 381 

to physical specimens can be costly and logistically challenging. The rapid digitization of collections allows access 382 

to specimens entirely in silico, furthering research that has already leveraged this data source for UEE (e.g., Meineke 383 

& Davies, 2019; Meineke et al., 2020; Pearson et al., 2020; Hantak et al., 2021).  384 

Digitization efforts go beyond images. Digital 3D models of specimens are becoming a prevalent data type, 385 

adding another dimension to current research. Many 3D structures can be accessed on Morphosource, a data 386 

repository that houses 3D and 2D media of physical objects (e.g., bones, whole specimens, cultural artifacts). 387 

Through Morphosource, researchers can access media from research bodies such as oVert and interact with files in 388 

the browser.  389 

https://earthskysea.org/biodiversity-databases/
https://www.urbanevoecotools.org/


iDigBio, a repository aggregating digitization efforts across predominantly U.S. based institutions, 390 

facilitates access to digitized specimens. The Global Registry of Scientific Collections (GRSciColl), through GBIF, 391 

helps connect iDigBio with global digitized collections. Together, these platforms increase the accessibility of 392 

digitized data for UEE research. 393 

 394 

3.1.2) Spatial Resources 395 

In large urban systems where the vast majority of land is privately owned, spatial resources are especially 396 

valuable. Google Street View (GSV) has images for all roadways in an urban area, often generated every few years. 397 

This data may be used to analyze the distribution of urban vegetation and changes in the urban landscape over time. 398 

GSV has already shown potential in investigating diversity in urban areas (Velasquez-Camacho et al., 2024; Ye et 399 

al., 2025), surveying plants growing in private yards (Ringland et al., 2021), and monitoring invasive species (Closa-400 

Tarres et al., 2025). With the rapid development of AI tools for image recognition, this resource may become more 401 

prominent in UEE. 402 

Another valuable resource is the ArcGIS Living Atlas of the World, which contains a plethora of maps 403 

(e.g., iNaturalist observations and World Traffic Service) and deep-learning packages (e.g., Tree Point Classification 404 

and Building Footprint Extraction) that may be leveraged for urban research. While a membership is required, many 405 

institutions and universities have licenses for student use, making this widely accessible in an academic setting. 406 

 407 

3.1.3) Ecological Survey Data 408 

Several repositories of ecological survey data have been created to standardize data re-use, while also 409 

bypassing the need for extensive and time consuming literature reviews. Movebank collects, archives, and provides 410 

visualization for animal tracking data (Kays et al., 2021), including data from urban systems that may be used to 411 

study how urban organisms navigate through cities. For example, the Chicago Black Crown Night Heron project has 412 

uploaded tracking data of urban herons. 413 

Similarly, sPlotOpen provides a centralized resource for archiving vegetation plot surveys (Sabatini et al., 414 

2021). Although sPlotOpen is mainly composed of surveys in natural or semi-natural sites, the addition of 415 

vegetation plot surveys will assist in UEE pursuits. For example, sPlotOpen has been used to investigate how 416 



species co-occurrence can be used for ecological predictions (Siefert et al., 2024), a concept relevant to urban 417 

systems. 418 

Arctos (Cicero et al., 2024) is another integrative and unified platform that provides online access to 419 

physical data housed at museums and cultural institutions. Data is contributed by diverse organizations (e.g., NEON, 420 

LTER, and Museums) spanning many disciplines (e.g., geology, anthropology, botany, and mammalogy). For 421 

example, Arctos provides access to specimen measurements, mark/recapture data, species sighting surveys, 422 

documents (e.g., field notes), and media, among others. The collated data provide a broad foundation for in silico 423 

UEE studies. 424 

 425 

3.1.4) Genetic Data 426 

Aside from microsatellite and mitochondrial DNA, publicly available genetic data have been underutilized 427 

in UEE, likely due to a lack of geolocated sequence information. Presently available sequence data can be accessed 428 

through the National Center for Biotechnology Information (NCBI), which houses data ranging from genes to 429 

genomes. Unfortunately, filtering for applicable sequence data is difficult due to inconsistent documentation of 430 

metadata (e.g., location information). The Global Genome Biodiversity Network (GGBN) remediates this issue for 431 

sequenced museum collections by linking the NCBI accession number with the museum collection record and any 432 

associated information (location, collector, date, etc.). Preserved, unsequenced DNA can also be found through 433 

GGBN. Although unsequenced, this resource may help overcome barriers associated with organism collection and 434 

DNA extraction, connecting researchers with museums that hold samples of interest. 435 

 436 

Repository or Dataset Data Type or Information Citation/Link 

Digitized Natural History Collections: 
iDigBio 

Digitizied photographs, scans, CT-scans, 
etc., of preserved natural history 
specimens 

https://www.idigbio.org/  

Global Registry of Scientific 
Collections 

A repository of information that connects 
researchers to data  

https://scientific-collections.gbif.org/  

MorphoSource A repository of 3D and 2D media of 
natural history specimens 

https://www.morphosource.org/  

Google Street View Images Photographs of Roadways https://developers.google.com/maps/documentatio
n/streetview/get-api-key 

ArcGIS Living Atlas of the World Paid application with access to maps and 
deep-learning packages 

https://livingatlas.arcgis.com/en/home/  

https://www.idigbio.org/
https://scientific-collections.gbif.org/
https://www.morphosource.org/
https://livingatlas.arcgis.com/en/home/


Movebank A database to store, collect, analyze, 
visualize, and archive tracking data of 
animals.  

Kays et al., 2021 

sPlotOpen Vegetation plot surveys across landscapes Sabatini et al., 2021 
https://www.idiv.de/research/projects/splot/splotop
en-splot/  

Arctos Biological data includes specimen 
measurements, mark/recapture data, 
species sighting surveys, etc. 

Cicero et al., 2024 

National Center for Biotechnology 
Information 

Repositories for genetic data, 
encompassing genes, transcriptomes, 
protein sequences, and genomes. 

https://www.ncbi.nlm.nih.gov/  

Global Genome Biodiversity Network Facilitates sharing of physically archived 
DNA and tissue samples. Connects 
sequence data derived from collections to 
relevant metadata. 

https://www.ggbn.org/ggbn_portal/  

Table 3. This table presents emerging and underutilized datasets that may prove useful to the field of urban ecology and 437 

evolution. It also summarizes the information housed in each repository and the corresponding link address or citation. 438 

 439 

3.2) Utilizing Artificial Intelligence for UEE Research 440 

 441 

Given the large number of publicly available photographic datasets (e.g., iNaturalist records), most applied 442 

methods of Artificial Intelligence in UEE have utilized image processing to automatically extract relevant 443 

information from photographs. Convolutional neural networks (CNNs) have been the most prominent in 444 

accomplishing this. Tools utilizing CNNs have been developed to extract trait data from photographic museum 445 

collections of plants (LeafMachine2 by Weaver & Smith, 2023; Love et al., 2021; Davis et al., 2020; Pearson et al., 446 

2020; Meineke et al., 2020) and animal skeletons (Skelevision; Weeks et al., 2023) as well as phenological data 447 

from iNaturalist photographs (PhenoVision by Dinnage et al., 2025; Reeb et al., 2022; Stewart et al., 2025). These 448 

tools provide detailed workflows, open source code, and trained models, allowing researchers to leverage them for 449 

their own studies. Similarly, tools have been developed to analyze Google Street View (GSV) images using CNNs 450 

and existing plant identification software (Closa-Tarres et al., 2025; Velasquez-Camacho et al., 2024; Ringland et 451 

al., 2021). Automated image selection may allow this technology to be more widely used for UEE research, as most 452 

studies choose images manually or based on prior information (but see Velasquez-Camacho et al., 2024). When 453 

building new tools, developers should ensure their code is well documented and open source so that researchers can 454 

https://www.idiv.de/research/projects/splot/splotopen-splot/
https://www.idiv.de/research/projects/splot/splotopen-splot/
https://www.ncbi.nlm.nih.gov/
https://www.ggbn.org/ggbn_portal/


modify programs for specific use cases. Although only recently explored, artificial intelligence methods have 455 

already proven to be a powerful tool for investigating patterns in UEE.  456 

 457 

4) Dealing with biases and limitations of publicly available datasets 458 

 459 

Although publicly available datasets provide an invaluable resource for ecology and evolution, they are not 460 

without limitations. Several studies highlighted in this review have outlined how this data can be biased, incomplete, 461 

or lacking key pieces of metadata. For example, the distribution of iNaturalist occurrence data can be geographically 462 

biased within cities (Carlen et al., 2024), or incomplete metadata can result in unusable genetic data (Schmidt et al., 463 

2020). Data sourced from GenBank may also require quality inspection. Sequences may be assigned to the wrong 464 

taxa or a synonym, contaminated, or contain sequencing errors (X. Li et al., 2018; van den Burg & Vieites, 2023). 465 

Acknowledging these limitations and ensuring they are addressed is an essential aspect of performing reliable in 466 

silico research. 467 

 468 

4.1) Spatial biases in sampling   469 

 470 

Spatial sampling biases are thoroughly documented across publicly available datasets (see Beck et al., 471 

2014; Di Cecco et al., 2021; Johnston et al., 2022; Backstrom et al., 2025). These biases are often amplified in urban 472 

areas, as sociological variables influence sampling accessibility and effort. For example, wealthier, predominantly 473 

white neighborhoods tend to be better sampled, likely due to a history of unjust land-use policies (Carlen et al., 474 

2024).  475 

Rather than reiterating where biases occur, here we present resources and frameworks for identifying, 476 

evaluating, and mitigating biases in community science datasets. Backstrom et al., (2025) formulated a method to 477 

estimate spatial and temporal biases, their interactions, and their influence on model inference. Bowler et al., (2025) 478 

proposed treating sampling biases in species-level abundance data as a “missing data” problem. In their review, they 479 

present several frameworks for identifying the types of bias, the implications for those biases, and the statistical 480 

methods to deal with them. Community science datasets can also be spatially subsampled, decreasing the overall 481 

sample size but reducing unevenness in the data (Beck et al., 2014). Fink et al., (2023) present a Double Machine 482 



Learning method to analyze abundance trends while accounting for observer bias on eBird data. Furthermore, Bird 483 

et al., (2014) reviewed a range of statistical methods, from linear models to machine learning, that can account for 484 

biases in community science biodiversity datasets. In total, these tools provide researchers with an array of 485 

approaches to circumvent biases, making in silico studies more reliable. 486 

 487 

4.2) Data access issues 488 

 489 

Open data initiatives and centralized repositories have facilitated easier access to data, yet barriers to data 490 

reuse still exist. For example, Schmidt et al., (2020) excluded 36 of the 313 initially found microsatellite datasets 491 

from their analysis due to missing or improperly deposited metadata (e.g., spatial information, population 492 

delineation). Some of these issues were resolved by contacting the research groups that generated the data, but this 493 

quickly becomes infeasible as datasets are added. It is imperative to standardize archival procedures to ensure that 494 

data can be effectively reused. A recent set of guidelines by Leigh et al., (2024) provides best practices for archiving 495 

genomic data, and the FAIR principles (Findable, Accessible, Interoperable, and Reusable) offer broader guidance 496 

and are applicable to all scientific data types (Wilkinson et al., 2016). The adoption of standard archival procedures 497 

will create more operable data repositories, greatly facilitating the novel insights generated from in silico studies. 498 

 499 

5) Enhancing Participation in Urban Ecology and Evolution with Publicly Available 500 

Datasets 501 

 502 

Publicly available datasets have the power to broaden participation in UEE by removing financial, 503 

structural, and logistical barriers. Because these studies only require an internet connection, they are accessible to all 504 

students. This accessibility is especially relevant to non-traditional students, who are often balancing employment, 505 

family, and other responsibilities that hinder their engagement in traditional lab work. Expanding in silico UEE 506 

approaches can improve participation, by promoting a more equitable and inclusive research environment, enabling 507 

the participation of individuals historically underrepresented in science. 508 

 509 

https://www.zotero.org/google-docs/?broken=RlLc1w


5.1) Improving the undergraduate research experience 510 

 511 

Publicly available data are particularly well suited for course-based undergraduate research experiences 512 

(CUREs), which expose students to authentic scientific pursuits that generate novel findings. These experiences can 513 

produce similar student outcomes to traditional undergraduate research experiences, which have been shown to 514 

improve retention and persistence among students from underrepresented groups (Shapiro et al., 2015; Eagan et al., 515 

2013; Hunter et al., 2007; Lopatto, 2007; Russell et al., 2007). Because acquiring original data for these programs 516 

can be logistically and financially challenging, publicly available databases provide a free and accessible resource. 517 

This makes them a low-cost alternative for instructors seeking to obtain data for research in the classroom (see 518 

Arreguin et al., 2025 for a CURE utilizing publicly available genetic data). As outlined throughout this review, this 519 

data has relevance across all levels of biological organization, making these datasets suitable for a broad range of 520 

classes or research programs. Moreover, the large size of these datasets exposes students to valuable data science 521 

and programming experience. This is highly translational across fields, and early training can support and influence 522 

students’ future careers.  523 

Practical examples are the CUREs developed by Gastreich (2021), centered around assessing urban bird 524 

diversity using eBird data, and Heard et al., (2025), which investigates the impacts of urbanization on lizards using 525 

iNaturalist. Such courses can offer a useful example for instructors and be readily adapted and modified to explore 526 

UEE across spatial scales and taxa. 527 

 528 

5.2) Facilitating graduate and faculty research 529 

 530 

Beyond undergraduate training, graduate students and research faculty can successfully employ publicly 531 

available data for their own research goals. The low-cost nature of these data make for an excellent resource when 532 

gathering preliminary data for research and grant proposals or performing standalone research. The use of publicly 533 

available datasets can alleviate barriers associated with original data collection. Individuals with disabilities may 534 

find aspects of field or laboratory based studies to be challenging, impeding their ability to participate in UEE 535 

projects. Furthermore, the high percentage of private land ownership in cities often hinders urban field collections, 536 



and the monetary cost associated with data generation may be prohibitively expensive. Publicly available datasets 537 

allow researchers to perform rigorous, hypothesis driven research that contributes meaningfully to the field of UEE. 538 

 539 

6) Concluding Remarks 540 

 541 

In this review, we have collated presently used and developing datasets, along with potentially useful tools, 542 

with the intention that this work will act as a guide for utilizing in silico approaches. It is important to note that this 543 

work is only possible thanks to databases that make data freely available and researchers who work hard to ensure 544 

that their data is easily accessible. As tools and datasets are developed, it is imperative that data remains publicly 545 

accessible and code is open-source. In doing so, we allow scientists to adjust tools as needed and use data to its full 546 

extent, furthering the range of questions that can be answered. 547 

 548 
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Appendix 1 
Biological Datasets covered 

iNaturalist  https://www.inaturalist.org 

eBird  https://ebird.org/home 

BugGuide  https://bugguide.net 

Dryad  https://datadryad.org/ 

DataOne  https://www.dataone.org/ 

Birds of the World  https://birdsoftheworld.org/bow/home 

iSpot  https://www.ispotnature.org/ 

ForgID  https://www.frogid.net.au/ 

GBIF  https://www.gbif.org/ 

Norfolk Bat Survey  http://www.nbis.org.uk/ 

NASA (Aeronautics 
and Space 
Administration) 

 https://data.nasa.gov/ 

ESA (European Space 
Agency) 

 https://earth.esa.int/eogateway/catalog 

Copernicus  https://dataspace.copernicus.eu/ 

Pan-European 
Phenology Project 

 http://www.pep725.eu/ 

National Phenology 
Network 

 https://www.usanpn.org/ 

Open Tree of Life  https://tree.opentreeoflife.org/ 

Amniote Life-History 
database 

 https://doi.org/10.6084/m9.figshare.c.3308127.v1 

AnAge  https://genomics.senescence.info/species/index.html 

EtlonTrait  https://opentraits.org/datasets/elton-traits.html 

PanTHERIA  https://doi.org/10.6084/m9.figshare.c.3301274.v1 

VertNet  https://www.vertnet.org/ 

National Ecological 
Observatory Network 

 https://data.neonscience.org/ 

BirdTree  https://birdtree.org/ 

TRY  https://www.try-db.org/TryWeb/Home.php 

Finnish Moth 
Monitoring Scheme 

 https://demo.gbif.org/dataset/8fd3f044-b7f5-4ff0-9d78-9b1881f4942f 



 

Swedish and Finnish 
Butterfly Monitoring 
Scheme 

 https://www.gbif.org/fr/dataset/be77e203-486c-4651-91b9-8347968b728c 
https://www.gbif.org/dataset/181eab51-9399-4baa-a0df-8de01a3acf19  

Finnish Biodiversity 
Info Facility 

 https://laji.fi/en 

BOLD  https://boldsystems.org/ 

AVONET  https://figshare.com/s/b990722d72a26b5bfead 

BirdBase  https://doi.org/10.6084/m9.figshare.27051040 

Bird Life  https://datazone.birdlife.org/ 

Austrian Department of 
the Environment  

 https://www.dcceew.gov.au/environment/environmental-information-data/databases-
applications/snes 

Predictor Variables Covered 

Ocean Health Index 
Cumulative Human 
Impacts 

 https://oceanhealthindex.org/resources/data/ 

National Land Cover 
Databases 

 https://www.usgs.gov/centers/eros/science/nlcd-product-suite 

Global Man-made 
Impervious Surface 
(GMIS) 

 https://www.earthdata.nasa.gov/data/catalog/sedac-ciesin-sedac-ulandsat-gmis-v1-
1.0 

2010 Global Tree 
Cover Dataset 

 https://www.earthdata.nasa.gov/data/catalog/lpcloud-gfcc30tc-003 

VIIRS Nighttime Light  https://eogdata.mines.edu/products/vnl/ 

Human Population 
Density 

 https://doi.org/10.6084/m9.figshare.c.3890191 

Human Footprint Index  https://wcshumanfootprint.org/data-access 

Anthropogenic biomes 
or Anthromes 

 https://anthroecology.org/anthromes/ 

History database of the 
Global Environment 
(HYDE) 

 https://landuse.sites.uu.nl/datasets/ 

National Park Service 
Noise Pollution 

 https://irma.nps.gov/DataStore/Reference/Profile/2217356 

US National 
Transportation Noise 
Map 

 https://maps.dot.gov/BTS/NationalTransportationNoiseMap/ 

Copernicus Land 
Monitoring Service 
(CLMS)  

 https://land.copernicus.eu/en 

European Settlement 
Map 

 https://www.eea.europa.eu/en/datahub/datahubitem-view/42783031-34d5-4b38-
b9ba-a0783723053c 

https://www.gbif.org/fr/dataset/be77e203-486c-4651-91b9-8347968b728c
https://www.gbif.org/dataset/181eab51-9399-4baa-a0df-8de01a3acf19
https://doi.org/10.6084/m9.figshare.27051040


 

Gridded Population of 
the World 

 https://www.earthdata.nasa.gov/data/catalog/sedac-ciesin-sedac-gpwv4-popdens-r11-
4.11 

WorldClim   https://www.worldclim.org/ 

CHELSA  https://www.chelsa-climate.org/ 

ClimateNA  https://climatena.ca/ 

PRISM  https://prism.oregonstate.edu/ 

NASA NEX-DCP30  https://www.nccs.nasa.gov/services/data-collections/land-based-products/nex-dcp30 

NASA NEX-GDDP  https://www.nccs.nasa.gov/services/data-collections/land-based-products/nex-gddp 

Basin Climate 
Characterization Model 
(BCM) 

 https://www.usgs.gov/centers/california-water-science-center/science/basin-
characterization-model-bcm#overview 

Environment Canda  https://climate.weather.gc.ca/ 

TerraClimate  https://www.climatologylab.org/terraclimate.html 

MODIS  https://modis.gsfc.nasa.gov/ 

Landsat  https://landsat.gsfc.nasa.gov/ 

CORINE Land Cover  https://land.copernicus.eu/en/products/corine-land-cover 

USGS Hydrography 
Dataset 

 https://www.usgs.gov/3d-hydrography-program/access-3dhp-data-products 

Global Roads Open 
Access Dataset 

 https://www.earthdata.nasa.gov/data/catalog/sedac-ciesin-sedac-groads-v1-1.0 

Highway Performance 
Monitoring System 

 https://www.fhwa.dot.gov/policyinformation/hpms.cfm 

Mapping Inequality 
database (historical 
HOLC maps) 

 https://dsl.richmond.edu/panorama/redlining/ 

United States Census 
Bureau 

 https://data.census.gov/ 

Statistics Canada  https://www.statcan.gc.ca/en/start 

CalEnviroScreen  https://oehha.ca.gov/calenviroscreen 

Climate and Economic 
Justice Screening Tool 
(CEJST) 

 https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/B6ULET 
(archived due to website removal) 

IPUMS  https://www.ipums.org/ 

Meteorological Satellite 
Program Operational 
Linescan System 

 https://www.ncei.noaa.gov/products/dmsp-operational-linescan-system 

OpenPopGrid  https://openpopgrid.geodata.soton.ac.uk/ 

https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/B6ULET


 

Australian Bureau of 
Statistics 

 https://www.abs.gov.au/ 

OpenDataSoft  https://public.opendatasoft.com/explore/dataset/geonames-all-cities-with-a-
population-1000/table/?disjunctive.cou_name_en&sort=name 

World Urban Areas 2012  https://purl.stanford.edu/yk247bg4748 

Emerging and Underutilized datasets 

iDigBio  https://www.idigbio.org/ 

The Global Registry of 
Scientific Collections 

 https://scientific-collections.gbif.org/ 

ArcGIS Living Atlas of 
the World 

 https://livingatlas.arcgis.com/en/home/ 

Google Street View  https://developers.google.com/maps/documentation/streetview/get-api-key 

Movebank  https://www.movebank.org/cms/movebank-main 

sPlotOpen  https://idata.idiv.de/ddm/Data/ShowData/3474?version=55 

Arctos  https://arctosdb.org/ 

National Center for 
Biotechnology 
Information 

 https://www.ncbi.nlm.nih.gov/ 

Global Genome 
Biodiversity Network 

 https://www.ggbn.org/ggbn_portal/ 

MorphoSource  https://www.morphosource.org/ 

Other helpful resources 

Opportunistic Database 
of Biodiversity 
Databases 

 https://earthskysea.org/biodiversity-databases/ 

Urban Eco-Evo Toolkit, 
Trait Mapping 
Database 

 https://www.urbanevoecotools.org/ 

 
 

https://www.urbanevoecotools.org/

