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Abstract 26 

Thirty years after Reed Noss warned that naturalists were dying off, conservation biology 27 

has entered an era of unprecedented analytical capacity, driven by global biodiversity 28 

databases, remote sensing, and artificial intelligence. This transformation has coincided 29 

with declining visibility and support for field-based natural history and taxonomy. The 30 

resulting losses extend beyond primary biodiversity observations. Declining taxonomic 31 

expertise can compromise species identification and data reliability, while reduced firsthand 32 

engagement with nature may constrain observation-driven discoveries and the generation 33 

of novel ecological hypotheses. The erosion of organismal and place-based knowledge 34 

may also weaken our ability to interpret ecological changes and evaluate predictive models, 35 

particularly as climate change, biological invasions, and novel ecosystems alter historical 36 

ecological relationships. Addressing these challenges requires sustained investment in field 37 

observations, specimen collections, and taxonomic expertise, alongside stronger integration 38 

of natural-history knowledge into quantitative and AI-enabled research. Universities, funding 39 

agencies, and journals should recognize and support the empirical foundations of 40 

conservation science through interdisciplinary training, transparent data provenance, and 41 

greater recognition of long-term ecological research. 42 
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Main text 51 

In 1996, Reed Noss warned that conservation biology was drifting toward a form of 52 

“armchair ecology” in which students were increasingly trained to model populations, 53 

analyze remotely sensed data, and manipulate theoretical representations of nature, yet 54 

were no longer learning to identify organisms, read landscapes, or build the kind of 55 

ecological intuition that comes only from sustained contact with the living world. Noss’s 56 

central fear was that conservation biologists might become highly competent analysts with 57 

little firsthand knowledge of the organisms and systems they claimed to study (Noss 1996). 58 

Thus, his concerns became a warning about a growing imbalance, namely that once 59 

analytical sophistication becomes detached from taxonomy, field observation, organismal 60 

knowledge, and natural history, conservation biology ultimately risks becoming technically 61 

impressive but biologically impoverished.  62 

 63 

Thirty years later, the question is no longer whether that warning was justified. In many 64 

respects, conservation biology is broader and more analytically powerful than it was in the 65 

1990s. Researchers now work with global biodiversity databases, satellite archives, trait 66 

repositories, genomic tools, automated sensors, citizen-science platforms, and increasingly 67 

sophisticated forms of artificial intelligence (Anderson et al. 2021, Tuia et al. 2026). The 68 

scale, speed, and integrative power of both biological and ecological research have been 69 

transformative (Forbes et al. 2025). Moreover, conservation biology has been broadened to 70 

include systematic conservation planning, environmental economics, and conservation 71 

social science, linking biodiversity science more directly to governance, human behavior, 72 

and policy implementation (Kareiva and Marvier 2012, Anderson et al. 2021, Niemiec et al. 73 

2021). In this sense, the field has become more capable of engaging real-world 74 

conservation problems across ecological, social, and economic dimensions (Giakoumi et al. 75 
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2025).  76 

 77 

At the same time, however, the imbalance identified by Noss persists, although the 78 

scientific context in which it now operates has changed substantially. Contemporary 79 

ecology and conservation science are increasingly data-intensive, predictive, and AI-80 

enabled, while climate change, biological invasions, and novel ecosystems are 81 

simultaneously weakening the stability of historical ecological relationships. The erosion of 82 

natural-history expertise may weaken several fundamental capacities of conservation 83 

science, including accurate species identification, the discovery of previously unrecognized 84 

ecological processes, and the development of biologically informed hypotheses. These 85 

losses become particularly consequential under non-stationary conditions, where 86 

understanding species' life histories, ecological interactions, and local environmental 87 

contexts can help explain changing relationships, identify the mechanisms underlying 88 

unexpected observations, and inform the evaluation and revision of predictive models. 89 

 I argue that the continued decline of natural-history knowledge risks weakening the 90 

empirical and conceptual foundations of conservation biology, particularly its capacity to 91 

understand and predict ecological responses to rapid environmental change. 92 

 93 

Publication Patterns and Shifting Priorities in Conservation Biology 94 

A central tension in contemporary conservation science is the growing mismatch between 95 

the expanding power of biodiversity data and the field-based foundations on which those 96 

data ultimately depend. Forbes et al. (2025), using more than 150 million specimen-based 97 

records, showed substantial long-term declines in the collection of new specimen data. 98 

They showed that biological data are becoming increasingly valuable, but the collection, 99 

curation, and taxonomic expertise required to maintain such data are becoming more 100 
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difficult to sustain (Forbes et al. 2025). This key paradox of contemporary conservation 101 

science may reflect multiple interacting drivers, including limited funding, rising labour costs, 102 

shifting workforce priorities, and reduced training in collection techniques, curation, and 103 

taxonomy (Rohwer et al. 2022, Nachman et al. 2023). Related shifts are visible in 104 

publication profiles and research incentives. For instance, fieldwork-centered studies now 105 

occupy a smaller share of conservation literature than they once did, while modelling, 106 

synthesis, and data-analysis studies have expanded rapidly (McCallen et al. 2019, Soga 107 

and Gaston 2025). From 1980 to 2014, the proportion of conservation papers reporting 108 

fieldwork decreased by about 20%, while modelling and data-analysis studies rose by 109 

roughly 600% and 800%, respectively (Ríos-Saldaña et al. 2018).  110 

 111 

These tendencies do not necessarily demonstrate that there are fewer field ecologists 112 

active today than in 1996 (although that may also be occurring); rather, they indicate that 113 

fieldwork-centered research now occupies a smaller proportion of the literature and is less 114 

visible in higher-ranked journals. However, as conservation biology has broadened, a 115 

smaller proportion of published work is expected to take the form of classic field-based 116 

studies, even when such work remains essential. Concerns about academic incentives 117 

favoring synthesis, modelling, and secondary analysis over slower forms of field-based 118 

knowledge production are not new and have been discussed across ecology and taxonomy 119 

for decades. The problem is therefore not that field-based work now shares space with 120 

other important forms of conservation inquiry, but that diversification becomes risky when 121 

academic reward systems more consistently favor secondary analysis, rapid synthesis, and 122 

computational novelty over the slower production and maintenance of primary ecological 123 

knowledge (White 2025). Under these conditions, field-derived knowledge remains 124 

essential but may become less visible, less cited, and less attractive to early-career 125 
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researchers (Ditchkoff and Belsare 2025). Academic cultures that reward synthesis, 126 

modelling, and secondary analysis more strongly than primary knowledge production can 127 

therefore shape what young researchers choose to learn and what institutions choose to 128 

support (Hicks et al. 2015, McKiernan et al. 2019, Choi et al. 2025;Figure 1).  129 

 130 

 131 

Figure 1. Pathways linking data-intensive research to the empirical foundations and scientific 132 

capacity of conservation biology. The expansion of biodiversity databases, remote sensing, and 133 

artificial intelligence enables ecological analyses across broader spatial and temporal scales, 134 

strengthening biodiversity synthesis and predictive capacity. However, associated academic and 135 

institutional incentives may contribute to the erosion of field-based observations, taxonomic and 136 

place-based expertise, and opportunities for observation-driven scientific discovery. These losses 137 

may increase uncertainty in biodiversity data, constrain the generation of new ecological 138 
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hypotheses, and weaken the biological interpretation of predictive models. Meanwhile, growing 139 

demands for reliable reference data, model training and validation, and ecological interpretation 140 

create opportunities to sustain and strengthen natural-history expertise. Together, these pathways 141 

illustrate the gains and potential losses associated with data-intensive conservation biology and 142 

their implications for understanding ecological change and evaluating predictions under non-143 

stationary conditions. 144 

 145 

Importantly, this relationship is not uniformly antagonistic. In some cases, the growing 146 

sophistication of remote sensing, Earth observation, and automated monitoring is creating 147 

new demand for the very field-based knowledge these approaches appear to displace. 148 

Programs such as GEO-TREES illustrate this emerging interdependence: advances in 149 

Earth observation have increased investment in permanent forest plots, standardized 150 

ground measurements, botanical expertise, and integrated field and analytical training 151 

because remotely sensed estimates cannot be reliably interpreted without high-quality field 152 

reference data (Chave et al. 2019, Labrière et al. 2023, GEO-TREES 2025, Sutherland et 153 

al. 2026). Rather than simply replacing natural history, new technologies may therefore 154 

create opportunities to re-embed it within contemporary ecological infrastructure. 155 

 156 

Observation Before Analysis: The Empirical Foundations of Data-Intensive Ecology 157 

The era of big-data has intensified contemporary trends in the conservation biology 158 

publishing space (McCleery et al. 2023). Big-data approaches and related analytical 159 

frameworks allow inferences at scales earlier conservation biologists could barely imagine 160 

(McCallen et al. 2019), but they do not remove the need for field knowledge, because the 161 

data themselves are products of observation, classification, collection, curation, and 162 

interpretation (Hortal et al. 2015). Species-distribution models, threat assessments, trait 163 

databases, and global syntheses inherit the taxonomic uncertainty, sampling bias, uneven 164 
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spatial coverage, and historical gaps of the records on which they depend (Boakes et al. 165 

2010, Moudrý et al. 2024). This is precisely where Noss now appears prophetic. In the 166 

1990s, he worried about students who could model population viability but not identify 167 

warblers, tracks, or plants. Today the equivalent problem has expanded across the 168 

discipline. A student may build a species distribution model without ever having handled the 169 

organisms whose range is being predicted. Another may use biodiversity repositories 170 

without understanding the taxonomic uncertainty, historical sampling bias, or regional 171 

knowledge gaps embedded in the records (Maldonado et al. 2015, Sun 2025). None of 172 

these approaches is inherently flawed, but problems arise when they are practiced without 173 

enough grounding in the biological reality from which the data were derived. Data-intensive 174 

conservation biology depends on observational foundations that are often overlooked by 175 

researchers working mainly with secondary data and downstream analyses. In addition, the 176 

increasing public availability of biodiversity records also raises conservation concerns, as 177 

precise occurrence data may facilitate the illegal collection or poaching of rare and 178 

commercially valuable species (Lindenmayer and Scheele 2017). 179 

 180 

Artificial intelligence is further reshaping how natural-history knowledge is generated, 181 

verified, and used. For example, AI-assisted identification tools embedded in citizen-182 

science platforms can substantially lower barriers to species recognition and expand 183 

participation in biodiversity recording. Computer-vision systems used by iNaturalist 184 

(https://www.inaturalist.org/taxa) can provide rapid taxonomic suggestions from uploaded 185 

photographs, while Merlin (https://merlin.allaboutbirds.org/) uses machine-learning and AI 186 

approaches to assist bird identification from images and acoustic recordings. These tools 187 

can accelerate the accumulation of biodiversity observations, broaden the geographic and 188 

taxonomic reach of monitoring, and help non-specialists contribute records that may later 189 
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support ecological research (Høye et al. 2021). However, these systems depend on large 190 

quantities of accurately identified, curated, and context-rich observations for training, 191 

benchmarking, and validation. Citizen-science observations often exhibit geographic and 192 

taxonomic biases, reflecting differences in observer participation, accessibility, and interest 193 

in particular taxa (Di Cecco et al. 2021). Such biases can affect the representativeness of 194 

biodiversity records and the reliability of datasets used for training and evaluating 195 

automated identification systems. Their expansion therefore increases dependence on 196 

reliable reference collections, expert verification, careful assessment of sampling biases, 197 

and well-documented data provenance. 198 

 199 

The same technological shift also introduces new risks. Generative AI can produce wildlife 200 

images and videos that are increasingly difficult to distinguish from genuine observations, 201 

creating the possibility that synthetic records enter citizen-science platforms or are 202 

subsequently incorporated into biodiversity databases. Guerrero‐Casado et al. (2026), for 203 

example, highlighted the conservation risks posed by AI-generated wildlife media, including 204 

the potential for false or misleading records to distort perceptions of species occurrence 205 

and status. Similarly, Lees et al. (2026) argued that citizen-science platforms need explicit 206 

safeguards against generative-AI content because synthetic observations could 207 

contaminate datasets that are increasingly reused for ecological analysis, monitoring, and 208 

model development. AI therefore creates a paradox for contemporary natural history: it can 209 

greatly expand the scale and accessibility of biodiversity observation, while simultaneously 210 

increasing the importance of expert verification, provenance, trusted reference data, and 211 

mechanisms for distinguishing authentic observations from synthetic ones. 212 

 213 

Ríos-Saldaña et al. (2018) argued that synthetic analyses and large-data approaches, 214 
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though vital for setting broad conservation priorities, are “severely handicapped” when not 215 

supported by sound observational data. Likewise, Forbes et al. (2025) note that data 216 

streams including citizen science, environmental DNA, and remote sensing bring their own 217 

biases and errors, and still rely on specimen-based knowledge and taxonomic expertise for 218 

calibration, verification, and interpretation. For example, eDNA metabarcoding illustrates 219 

this dependence, as incomplete reference libraries, mislabelled sequences, and unresolved 220 

taxonomic classifications can compromise species identification, highlighting the continuing 221 

importance of specimen-based taxonomy and expert-curated reference databases (Keck et 222 

al. 2023). In this sense, big-data approaches do not replace natural history but deepen their 223 

dependence on the observational and taxonomic foundations from which biodiversity data 224 

are generated (Figure 1).  225 

 226 

While climate change, invasive species, and habitat fragmentation create conditions in 227 

which yesterday’s correlations may fail tomorrow, long-term and field-based research 228 

become more valuable (Lindenmayer et al. 2022). Yet, long-term field studies accumulate 229 

not only data but also contextual knowledge that allows researchers to notice anomalies, 230 

refine questions, validate models, detect regime shifts, and interpret observations in light of 231 

life history, local history, and environmental change (Rouby 2026). Natural-history 232 

experience also contributes to scientific discovery by inspiring research questions and 233 

hypotheses, informing study design, and providing the empirical foundations for subsequent 234 

investigations (Sridhar et al. 2026). Declining opportunities for such firsthand experiences 235 

may therefore constrain observation-driven scientific discovery and the development of new 236 

ecological ideas. Such contextual knowledge is not fully captured in standardized 237 

databases (Reinke et al. 2019, Ditchkoff and Belsare 2025), but the monitored ecological 238 

processes often unfold on biological timescales that far exceed normal grant cycles and, in 239 
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some cases, career spans. Compounding these vulnerabilities is a more fundamental 240 

structural problem: long-term ecological monitoring remains difficult to sustain within 241 

funding systems dominated by short grant cycles, even as the scientific and societal value 242 

of longitudinal data continues to increase (Lindenmayer et al. 2022). 243 

 244 

Many taxonomists, curators, and field naturalists whose careers were built on sustained 245 

engagement with specimens, regional floras and faunas, and the resolution of taxonomic 246 

uncertainty are now retiring, with some of their accumulated tacit knowledge at risk of being 247 

lost. (Ahrends et al. 2011, Pearson et al. 2011). For example, a nationwide assessment in 248 

Hungary found that active biodiversity experts were unavailable for identifying nearly half of 249 

the approximately 36,000 recorded animal species, while more than a quarter of the fauna 250 

had only one or two active experts capable of identification (Páll-Gergely et al. 2024). As 251 

this cohort diminishes, the very expertise required to calibrate, validate, and correct the 252 

outputs of species-distribution models, trait repositories, and citizen-science platforms is 253 

becoming scarcer. The loss of experienced taxonomists, curators, and field naturalists 254 

therefore compounds the structural fragility of long-term monitoring by weakening the 255 

continuity of organismal and place-based knowledge needed to interpret ecological change. 256 

 257 

The challenge is therefore not only to preserve long-term monitoring, but to make its value 258 

more visible within forecasting and decision-making systems (Lindenmayer 2018). The 259 

Living Planet Index, for example, synthesizes thousands of population time series into a 260 

globally influential biodiversity indicator, illustrating how long-term observations can acquire 261 

substantial scientific and policy value when integrated at scale (Loh et al. 2005, McRae et 262 

al. 2025). Such products also raise an important question of reciprocity: whether part of the 263 

visibility, funding, and institutional value generated by global syntheses can be returned to 264 
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the field networks and researchers responsible for maintaining the underlying observations. 265 

Such feedbacks could, in principle, provide a more durable basis for sustaining natural-266 

history knowledge than relying on short-term project funding alone. 267 

 268 

Ecological Judgment in a Non-Stationary World 269 

The loss of field-based and taxonomic expertise would be concerning even in a stable 270 

world. It becomes more consequential under conditions of rapid, non-linear environmental 271 

change. Climate change, invasive species, and novel ecosystems are eroding the 272 

stationarity assumptions that underpin many data-driven models. For example, climate-273 

driven changes in species' phenology, physiological responses, and biotic interactions can 274 

alter the relationships between species occurrence and environmental predictors 275 

(Alexander et al. 2015). Similarly, biological invasions may introduce novel species 276 

interactions that change the ecological processes underlying historically observed 277 

distribution patterns (Kester et al. 2026). Correlations and species–environment 278 

relationships derived from historical data are increasingly likely to break down, sometimes 279 

abruptly (Brown et al. 2025). In such contexts, the ability to detect anomalies, recognize 280 

when a system is behaving outside its historical range, and interpret new observations in 281 

light of species’ natural history and local context becomes not merely desirable but 282 

essential for effective conservation action (Wagner et al. 2023). 283 

 284 

Big-data approaches and automated tools are powerful for detecting statistical departures 285 

from historical patterns, but interpreting whether those departures represent biologically 286 

meaningful changes often requires additional ecological context (Yates et al. 2018, Bueno 287 

de Mesquita et al. 2021). A model trained on historical conditions may identify deteriorating 288 

fit or changing associations, while natural-history knowledge can help explain the biological 289 
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mechanisms underlying these changes and assess whether the relationships are likely to 290 

persist. Detailed understanding of species' life histories, ecological interactions, and local 291 

environmental conditions can inform hypotheses about the drivers of non-stationarity, guide 292 

the selection of biologically meaningful predictors, and support the refinement of models 293 

under changing environmental conditions. This form of ecological judgment develops 294 

through accumulated experience and may be slow to rebuild once lost (Tewksbury et al. 295 

2014a, Filbee‐Dexter et al. 2017). As the cohort of researchers with deep, long-term 296 

familiarity with particular systems continues to retire, some of this capacity risks being lost 297 

precisely when it is becoming increasingly important. 298 

 299 

Historical examples illustrate the value of such place-based ecological judgment. Long-term 300 

field observations of amphibian populations in Central America were crucial for recognizing 301 

unusual and rapid population collapses, linking these declines to chytridiomycosis, and 302 

informing subsequent emergency conservation responses (Lips 1998, 1999, Lips et al. 303 

2006, Gagliardo et al. 2008). A similar lesson emerged from Guam, where persistent field 304 

observations helped reveal the spread and ecological consequences of the introduced 305 

brown tree snake (Boiga irregularis), whose expansion closely tracked the collapse of 306 

native forest bird populations (Savidge 1987, Rodda and Savidge 2007). In both cases, the 307 

critical contribution was not simply the accumulation of observations, but the ability of 308 

researchers familiar with the system to recognize changes that departed sharply from 309 

previous ecological expectations.  310 

 311 

These examples also point to a broader shift in ecology from describing observed change 312 

toward anticipating future ecological dynamics. Prediction in complex and rapidly changing 313 

systems depends on sufficiently long and biologically grounded observational records to 314 
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distinguish persistent signals from short-term variability, identify the processes underlying 315 

change, and evaluate when historical relationships cease to hold. In this sense, natural-316 

history observations are not simply descriptive records of the past; they constitute part of 317 

the empirical foundation for ecological prediction. These predictions increasingly inform not 318 

only conservation decisions but also economic and operational choices in sectors such as 319 

forestry, land management, agriculture, and environmental risk assessment. 320 

 321 

The growing demand for ecological prediction is accompanied by a widening gap between 322 

analytical capacity and the biological expertise needed to interpret it. The volume and 323 

sophistication of ecological data continue to increase, yet the organismal, taxonomic, and 324 

place-based expertise needed to interpret departures from historical expectations may be 325 

becoming less secure. Models and statistical diagnostics therefore still benefit from 326 

organismal and place-based ecological knowledge to interpret why relationships change, 327 

assess whether apparent departures are ecologically meaningful, and determine when 328 

historically derived relationships may no longer apply (Yates et al. 2018, Bueno de 329 

Mesquita et al. 2021) Long-term studies additionally provide the baseline against which 330 

ecological surprises can be distinguished from ordinary variation (Lindenmayer et al. 2010, 331 

Filbee‐Dexter et al. 2017). The erosion of this interpretive capacity may therefore constrain 332 

our ability to understand the biological mechanisms driving ecological change, evaluate the 333 

transferability of predictive models, and develop conservation responses to increasingly 334 

non-stationary environmental conditions (Knapp et al. 2012, Tewksbury et al. 2014b).  335 

 336 

This challenge is compounded by global inequities in capacity (Collen et al. 2008, Amano 337 

and Sutherland 2013, Schmeller et al. 2017). Many of the specimen records, occurrence 338 

data, and ecological observations used in global biodiversity databases concern 339 
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biodiversity-rich regions of the Global South, although these regions remain 340 

disproportionately underrepresented in digitally accessible biodiversity information and 341 

research capacity (Collen et al. 2008, Meyer et al. 2015). Yet taxonomic expertise, 342 

collections infrastructure, and sustained field capacity in many of these regions remain 343 

limited and are often themselves under pressure. As Northern institutions increasingly 344 

depend on these data streams for large-scale analyses and policy-relevant syntheses, the 345 

erosion of organismal expertise in both the Global North and South creates a shared 346 

vulnerability: the analytical power of conservation biology rests on observational 347 

foundations whose long-term maintenance is insecure on a global scale.  348 

 349 

Restoring Balance in Conservation Biology 350 

Has conservation biology improved or deteriorated over the past thirty years? The fairest 351 

answer is that conservation science has become more powerful, but not necessarily more 352 

grounded. It is better in scale, speed, integration, accessibility, and technical sophistication 353 

and, in that sense, has had more opportunities than ever before to combine technological 354 

power with biological realism (Tuia et al. 2026). The challenge is therefore not simply to 355 

persuade institutions to support natural history as an activity competing with data-intensive 356 

science, but to embed natural-history knowledge within the scientific infrastructures that 357 

institutions already have strong incentives to support (McCleery et al. 2023). Earth 358 

observation, AI, biodiversity forecasting, and other forms of predictive ecology increasingly 359 

depend on long-term observations, taxonomic verification, and high-quality reference data. 360 

Reconnecting these activities can therefore provide a more durable basis for sustaining 361 

natural-history capacity than treating field observation and technological innovation as 362 

competing priorities (Figure 2). 363 

 364 
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 365 

Figure 2. Institutional mechanisms for strengthening the empirical foundations of conservation 366 

biology. 367 

 368 

First, funding agencies could make the dependence of data-intensive studies on field 369 

observations, taxonomic identifications, and primary data more explicit (Figure 2). Research 370 

proposals could include a concise provenance statement describing the observations, 371 

expert identifications, monitoring programs, or local knowledge that generated the records, 372 

along with known sampling biases, geographic gaps, and taxonomic uncertainties. Such 373 

requirements would make transparent the extent to which data-intensive analyses depend 374 

on observational infrastructure and taxonomic expertise that require continued maintenance 375 

and renewal. Funding mechanisms could preferentially support programs in which long-376 

term monitoring, taxonomic expertise, and data curation are embedded directly within 377 

Earth-observation, biodiversity-forecasting, and AI-enabled initiatives, so that investment in 378 

analytical and predictive capacity simultaneously sustains the empirical systems required to 379 

calibrate, validate, and update them. This framing may also provide a stronger institutional 380 
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and economic rationale for support: rather than treating natural-history capacity as a 381 

separate activity competing for limited resources, it positions field observations, taxonomic 382 

expertise, and long-term datasets as enabling infrastructure for research areas that already 383 

attract substantial scientific, policy, and financial investment. 384 

 385 

Second, universities and research institutes could recognize field data, natural-history 386 

collections, and associated expertise as research infrastructure rather than treating them 387 

primarily as supporting activities. They should also avoid treating field and quantitative skills 388 

as alternative professional identities (Figure 2). Students specializing in modelling, remote 389 

sensing, or synthesis still need structured, assessed exposure to taxonomy, specimen 390 

work, and field sampling; conversely, students trained primarily through fieldwork need 391 

sufficient quantitative literacy to link local observations to broader inference. Institutional 392 

evaluation systems could better recognize contributions to long-term datasets, taxonomic 393 

verification, monitoring networks, and other empirical infrastructures when these outputs 394 

underpin broader analytical, predictive, or policy-relevant research. For universities and 395 

research institutes, this linkage can also make long-term datasets, collections, and field 396 

expertise more visible as institutional assets that support externally funded research, 397 

interdisciplinary collaboration, and broader research capacity. Recognizing these 398 

contributions as part of the infrastructure that enables competitive research programs may 399 

provide a more realistic basis for institutional support than treating natural-history work 400 

primarily as a separate academic tradition. 401 

 402 

Third, global consortia can play an important role in building durable research capacity, 403 

particularly in biodiversity-rich regions where scientific investment and long-term monitoring 404 

remain limited. The Tropical Ecology, Assessment and Monitoring (TEAM) Network 405 
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provides one example of this model, combining standardized field monitoring, camera-trap 406 

technology, advanced data management, and partnerships across tropical countries to 407 

generate long-term biodiversity data relevant to conservation decision-making (Rovero and 408 

Ahumada 2017). Similarly, ForestGEO and more recent initiatives such as GEO-TREES 409 

demonstrate how global networks can combine taxonomically intensive long-term field 410 

observations with analytical training and emerging remote-sensing technologies (Davies et 411 

al. 2021, Labrière et al. 2023). Such initiatives illustrate how technological investment can 412 

strengthen, rather than replace, the empirical foundations of field ecology. A continuing 413 

challenge is to ensure that these benefits are sustained, equitably distributed, and 414 

translated into durable local research capacity.  415 

 416 

Fourth, professional societies and journals can also increase the visibility of long-term and 417 

infrastructure-building work (Figure 2), such as the “Long-term Studies in Animal Ecology” 418 

article type already offered by the Journal of Animal Ecology 419 

(https://besjournals.onlinelibrary.wiley.com/hub/journal/13652656/features/Synthesis-420 

papers), as well as formats for biodiversity data resources. Such recognition is most 421 

valuable when it connects these contributions to the analytical, forecasting, and decision-422 

making systems that depend on them, while making their scientific value more visible within 423 

existing reward structures. These mechanisms will necessarily vary among national 424 

research systems, some of which have developed more durable support for long-term 425 

ecological monitoring and collections than others; identifying transferable features of these 426 

models may provide useful lessons for broader reform. 427 

 428 

Final remark 429 

Thirty years after Noss’s warning, the central question is no longer simply whether 430 
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naturalists are disappearing, but how natural-history knowledge is being repositioned within 431 

an increasingly predictive and AI-enabled science. Modern ecology can detect and model 432 

patterns at unprecedented scales, yet these capacities remain dependent on long-term 433 

observations, taxonomic expertise, and place-based knowledge for training, validation, and 434 

interpretation. So, contemporary naturalists should integrate firsthand knowledge of 435 

organisms and ecosystems with quantitative and technological expertise, drawing on these 436 

complementary skills to interpret ecological changes, generate biologically informed 437 

hypotheses, and evaluate the reliability of ecological predictions. The task for 2026 is 438 

therefore not to retreat from analytical sophistication, but to build scientific systems in which 439 

technological advances reinforce rather than erode the empirical foundations on which 440 

prediction depends. 441 

 442 
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