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Citizen science provides large amounts of biodiversity data. Key challenges 
in unlocking its full potential include engaging citizens with limited species 
identification skills and accelerating the transition from data collection 
to research and monitoring outputs. Here we use a large dataset from 
Finland to show how even citizens who cannot identify birds themselves 
can contribute to real-time predictions of avian distributions. This is 
achieved through a digital twin that combines smartphone-based citizen 
science with long-term knowledge in a continuously updating model. 
The app submits raw audio to a backend that classifies birds with machine 
learning, reducing variation in data quality and enabling validation and 
reclassification by continuously improving classifiers. We counteracted 
spatiotemporal sampling biases by interval recordings and permanent point 
count networks. Over 2 years, the app generated 15 million bird detections. 
Independent test data show that the digital-twin-informed models are 
more accurate at predicting bird spatiotemporal distributions. Because our 
approach is highly scalable and has the potential to generate biomonitoring 
data even in understudied areas, it could accelerate the flow of reliable 
biodiversity information and increase inclusivity in citizen science projects.

Biodiversity is integral to maintaining healthy ecosystems and thus 
to supporting human health, food security, climate stability and agri-
cultural productivity1–3. To effectively guide environmental policies 
and conservation efforts, we need tools that can rapidly and accu-
rately inform about the current and future state of biodiversity4,5. 
Yet, contemporary biodiversity predictions remain inaccurate, par-
ticularly at fine spatiotemporal resolutions6, despite the increas-
ing availability of extensive, long-term biodiversity data7–10, rapid 

advancements of technology to collect large biodiversity data11,12, 
and continuously improving modelling tools13,14. Reasons why reli-
able biodiversity prediction has remained so challenging include 
the inherently complex dynamics of ecological systems15, the 
diverse and often inconsistent sources of large datasets16,17, and 
the lack of modelling tools capable of rapidly converting the con-
tinuous data streams into information transferable to policy and 
management recommendations18.
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This Article aims to demonstrate the applicability of DT approaches  
in biodiversity research for achieving accurate, real-time predictions  
of species distributions. We illustrate this through a case study in 
audio-based bird monitoring, showcasing how reliable real-time bio-
diversity predictions can be achieved through a DT approach that 
combines the strengths of citizen science, machine learning and 
high-performance computation. We build on recent approaches in 
data integration32,33 and integrated species distribution modelling34 to 
combine the continuous flow of new citizen science data with previous 
long-term data on bird spatial distributions, timing of migration and 
pattens of singing activity.

Our approach features a continuous model updating process, 
ensuring that the digital version and its predictions remain responsive 
to real-time changes in bird activity and environmental conditions. A 
core feature that distinguishes digital twinning from data integration, 
is that digital twinning goes further by maintaining a dynamically 
updated model that mirrors the real-word system as it evolves over 
time, here distributions, migrations and singing activity of birds, as well 
as citizens recording them. By relying solely on machine-learning-based 
bird classifications rather than citizen-based classifications, we remove 
an important part of observer heterogeneity and increase inclusivity 
by enabling ordinary citizens without bird identification skills to take 
part in data collection by making bird recordings. The technological 
innovations developed in this study not only reduce the time required 
to generate accurate biodiversity information for policy and manage-
ment but also increase inclusivity by broadening the stakeholder com-
munity and the roles of the stakeholders. This approach empowers and 

As a partial solution to the challenge of achieving fine-resolution 
biodiversity data, much hope has been invested in the unparalleled 
potential of citizen science to provide data on a massive scale. Although 
the potential of citizen science has been repeatedly demonstrated19–22, 
data generated by citizen scientists are fraught with sources of biases 
and noise, potentially compromising the reliability of the resulting 
inference23. Most critical observer-based biases in citizen science relate 
to heterogeneity in participation, detectability, sampling and prefer-
ence24. As it is difficult to reliably account for the variability in citizens 
in their skills of identifying species, as well as to quantify the spatiotem-
poral sampling effort, it remains hard to disentangle biological sig-
nals from these observation biases, especially if sampling effort is not 
carefully documented25,26.

Digital twinning refers to the concept of creating a digital coun-
terpart of a real-world system. In ecology, digital twinning could mean 
building a dynamically updated digital model of a species’ distribution 
or an ecosystem’s state, based on continuously incoming observational 
data. While originally developed in engineering to simulate and opti-
mize physical systems27, digital twinning is gaining interest in biodi-
versity research, where it can help integrate data, models and expert 
knowledge in near real time28–30. This approach holds promise for 
improving ecological forecasting and supporting timely environmental 
decision-making31. However, the development of digital twins (DTs) 
for biodiversity remains a complex and emerging research frontier, 
hindered by the complexity of natural ecosystems, the need to combine 
heterogeneous data sources and the technical challenges associated 
with generating and processing real-time biodiversity data streams.
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Fig. 1 | The citizen science smartphone application MK. a, The app has a 
continuously updating collective observation board where users can relate their 
detections to those of the other users (detections exemplified in the map for 1 
to 4 April 2025. b, The machine-learning-based classifications are calibrated to a 
probability scale and highlighted with green colour if probability exceeds 0.90. 
c, In collaboration with national parks and municipalities, we implemented 580 
permanent point count locations where citizens can make systematic 5-min 

recordings. d, To increase societal impact, user commitment and educational use in 
Finnish schools, we implemented a bird game through which citizens can learn bird 
vocalizations. e, The aggregated duration of recordings and number of detections 
per day peak during spring but remain continuous over the entire year. During peak 
days, the app has accumulated >1,000 h of recordings (with a median length of 33 s) 
which involve >100,000 detections. f, Among the 263 species that can be detected 
by the app, 110 have been observed with 90% confidence >5,000 times.
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engages citizens to provide pivotal contributions to both scientific 
research and environmental monitoring.

A tool for digital citizen science
We created a smartphone app called Muuttolintujen Kevät, henceforth 
the MK app, with the Finnish name meaning ‘The spring of migratory 
birds’ (Fig. 1). The app was launched on 30 March 2023, through a pub-
licity campaign run in collaboration with the Finnish broadcasting 
company Yle. The MK app includes three recoding types: (1) direct 
recordings, (2) interval recordings and (3) point count recordings. The 
MK app was specifically designed to overcome two critical limitations 
of citizen science in biodiversity research.

First, to mitigate the differences in species identification skills 
among citizens, all classifications are performed by a machine learning 
model, and thus bird identification by citizens is not required. Impor-
tantly, not only the classifications but also all raw audio data are submit-
ted and stored in the MK server. This allows the reclassification of the 
audio with continuously improving machine learning models, as well as 
the manual validation of species detections if necessary. For this study, 

we fine-tuned a baseline BirdNet model35 for 263 Finnish bird species (all 
breeding species, non-breeding migrants and most common vagrants) 
using high-quality annotations generated by bird experts36. The model 
was calibrated specifically for the MK app data, and a 90% confidence 
score, which we used as threshold for the analyses presented in this 
Article, can be interpreted as 90% probability of correct classification.

Second, to mitigate spatial observation bias and preferential sam-
pling, the MK app enables not only direct recordings, but also interval 
recordings and systematic point counts. In the interval recording mode, 
the app records 1 min every 10 min, continuing up to 12 h. This enables 
citizens to record, for example, overnight in their yard, including the 
very early morning hours when birds are most vocal. While the interval 
recordings do not remove the spatial bias of where the recordings are 
conducted, they largely remove the temporal preferential bias of when 
they are conducted. Even if the initiation of an interval recording would 
be triggered by bird vocalization activity, after the first 9-min break, 
the recorded minutes represent bird vocalization activity in a much 
less biased way than direct recordings. The permanent point count 
network was established in collaboration with Finnish national parks 
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Fig. 2 | Overview of the DT modelling strategy. We parameterized a prior model 
by combining long-term bird observations with spatial and temporal predictors. 
a, Continuous recordings provide prior information about when birds vocalize, 
conditional on their presence. b, Long-term citizen science observations 
provide prior information about the timing of migration. c, Systematic transect 
line counts, as combined with data on land cover, forest structure and climatic 
predictors, provide prior information about the spatial distributions of birds.  
d–f, The continuously accumulating MK app data are used to update the 

detection model (d), the migration model (e) and the spatial distribution model 
(f) and, hence, knowledge of bird spatiotemporal distributions and singing 
activity. g, Probabilistic predictions by the three model components yield the 
probability that a given bird species is detected in a given MK app recording, 
as for this to happen (1) the bird should have returned from migration (or be 
resident), (2) the location should be part of the birds spatial distribution and (3) 
the bird should vocalize in a manner that leads to detection in the MK app.
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and municipalities and includes 580 preselected locations in which the 
citizens can conduct a systematic recording (Fig. 1c). The permanent 
point count locations mitigate spatial observation bias, as the citizens 
make recordings at preselected locations. They also partially mitigate 
the temporal bias, because the recording interval is 5 min long, and thus 
especially its latter part is less dependent on whether bird vocalization 
activity triggered the initiation of the recording. We have furthermore 
encouraged users to initiate point count recordings whenever they 
walk through the route, disregarding whether birds are vocalizing or 
not. To engage the users and support their education on bird sound 
identification, a gamified bird vocalization training feature was added 
to the MK app in spring 2025 (Fig. 1d).

The MK app rapidly gained popularity among Finnish citizens, with 
315,609 individuals (5% of the national population) submitting at least 
one recording by 29 September 2025. By this date, the app has yielded 
16.3 million recordings which contain 15.0 million bird detections with 
at least 90% classification probability. Most recordings and detections 
are made through direct recording, but a substantial proportion is also 
obtained through the interval and point count recordings (Fig. 1e). The 
detections involve 261 species, out of which 110 have been detected at 
least 5,000 times (Fig. 1f). In addition, the MK app is used actively for 
nature education in Finnish schools. For example, a single bird obser-
vation event organized on 7 April 2025 was attended by 3,900 school 
children representing 73 schools. Furthermore, by 13 October 2025, the 
bird game has attracted 34,248 users, who have together scored a total 
of 4.2 million identification attempts, each involving the selection of 
the correct vocalizing species from four candidate species.

A real-time biodiversity DT
We developed a DT that predicts spatiotemporal distributions of bird 
occurrences and their vocal activity across Finland, with a spatial reso-
lution of one-hectare, and a temporal updating frequency of one day. 
The DT operates by updating a prior model each night using the latest 
data accumulated through the MK app (Fig. 2).

The model predictions are a product of three probabilistic com-
ponents. First, the migration model yields the probability pM by which 
the species is present from the point of view of their migratory behav-
iour (with pM = 1 for non-migratory species), given the latitude, year 
and the day of the year. Second, the spatial distribution model yields 
the probability pS by which a given location is part of the species dis-
tribution during the non-migratory period. Third, the detection model 
yields the probability pD by which, conditional on a species being 
present, it vocalizes in a way that the MK app detects it with at least 90% 
classification probability. The detection model is parameterized in 
terms of the day of the year, time of the day, and the length and type of 
recording. The product of these three probabilities (p = pMpSpD) yields 
the probability the species is observed in a given MK app recording.

We inferred the prior migration model using long-term citizen 
science data on species observations (Fig. 2b). We quantified prior 
knowledge on bird species’ spatial distributions by fitting the joint 
species distribution model Hierarchical Modelling of Species Com-
munities (HMSC)37 to long-term data on transect-line surveys, using as 
predictors 1-ha-resolution raster maps of land-cover variables, forest 
structure variables and climatic variables (Fig. 2c). The prior detec-
tion model was inferred using 4-year-long continuous passive audio 

60

62

64

66

86

70

60

62

64

66

86

70

60

62

64

66

86

70

La
tit

ud
e

0

0.2

0.4

0.6

0.8

1.0
−1.00

−0.20

−0.16

−0.12

−0.08

−0.04

0.04

0.08

0.12

0.16

0.20

1.00

a b c

60.2

60.3

Longitude

La
tit

ud
e

Longitude Longitude

d e f

Prior predictions Posterior minus prior predictionsPosterior predictions

The common gull
Larus canus

The sedge
warbler

Acrocephalus
schoenobaenus

20 25 30 20 25 30 20 25 30

60.2

60.3

24.7 24.9 25.124.7 24.9 25.1

60.2

60.3

24.7 24.9 25.1
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is based on long-term bird data only, whereas the posterior model also utilizes 
observations acquired by digital citizen science through the MK app. The spatial 
predictions are shown for the prior mean (a and d), posterior mean (b and e) and 
the difference between posterior and prior mean (c and f).
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monitoring (PAM) data from seven Finnish research stations38. We used 
logistic regression to model the probability by which a passive audio 
recorder would detect a vocalization of a given species as a function 
of the day of the year and time of the day, conditional on the species 
being present at the location (Fig. 2a).

We used the MK app data to update the migration functions and 
spatial distributions at daily intervals. This is a computationally inten-
sive task, which we simplified by modelling species independently and 
updating the prior in stages. The first stage is to translate the detection 
model from PAM to the MK app data; this is achieved using a probit 
model that accounts for the length and type (direct, interval or point 
count) of the recording. The second stage updates the parameters of 
the migration model using MK app data directly, with the overall shape 
of the migration probability curve over time shrunk to the prior using 
a functional penalty to promote stability and improve forecasting. 
Finally, the spatial distribution is updated using a local-likelihood 
method, in which each cell is updated based solely on nearby data. 
This approach allows cells to be updated in parallel and is critical for 
scalability. The updating of the spatial distribution component is con-
ducted directly at the level of the model predictions through spatial 
smoothing, not at the level of prior model parameters that map, for 
instance, the environmental affinities of the species. Full details are 
available in the Methods.

Example predictions
The DT continuously updates its long-term knowledge on bird spati-
otemporal distributions through the newly accumulating citizen sci-
ence data. As illustrated in Fig. 3 for two example species, the posterior 
predictions of species distributions can deviate substantially from the 
prior predictions both at large and small spatial scales. This indicates 
that the DT undergoes substantial learning. For the common gull (Larus 
canus), the DT increases the contrast between high-prevalence areas 
(lakes and coastal areas) and low-prevalence areas, thus changing the 
predictions consistently over large spatial scales (Fig. 3c). For the sedge 
warbler (Acrocephalus schoenobaenus), the posterior predictions devi-
ate substantially from the prior predictions at higher spatial resolution, 
as illustrated for the capital area in Fig. 3d–f. Sedge warblers breed in 
reedbeds, which are not well represented in the transect line data and 
which are not distinguished in the habitat classification used to make 

prior predictions. This leads to poor predictive performance of the 
prior model, leaving room for substantial improvement by the DT in 
areas with abundant MK app data such as near the capital. The DT also 
learns to predict bird temporal dynamics. By tracking the daily arrival 
of migrants, the DT can accurately infer the timing of spring migration 
and the associated spatial dispersal (Fig. 4a). This results in highly 
dynamic spatiotemporal distributions, such as for the garden warbler 
(Sylvia borin), where the distribution changes from almost universal 
absence to widespread presence within 2 weeks (Fig. 4b,c).

Evaluation of predictive capacity
We evaluated the predictive capacity of the DT with two different test 
datasets: MK app recordings for the next day, and manual point counts 
for the next day. For both test datasets, the DT approach substantially 
improved predictive capacity, as compared with the prior model (Fig. 5). 
We performed both evaluations for those 89 species for which the 
MK app data contained at least 5,000 detections in 2024. For both 
evaluations, we updated the DT model using the MK app data up to the 
previous day and then used the test data to evaluate the predictions of 
both the prior and the DT models.

For the evaluation against future MK app data, we used the year 
2024 as the evaluation period. Based on the location, time, type and 
duration of each MK app recording, we predicted detection probabili-
ties for each species by both the prior and the DT models, with the DT 
incorporating data up to the previous day (Fig. 5a). The DT substantially 
improved the next-day MK app predictions for bird detections, with the 
mean area under the curve (AUC) across 89 species increasing from 0.71 
to 0.77. The improvement was most pronounced for migratory species 
and for species with initially poor prior model predictions (Fig. 5b,c).

To further evaluate the difference between the posterior and prior 
predictions against fully independent data, we performed manual 
point counts by bird experts in preselected locations from 7 May to 
7 June 2025. The bird experts were seasoned volunteer birdwatch-
ers, whose capacity to identify birds from their vocalization has been 
demonstrated, for example, by providing high-quality survey data to 
the national line transect or point counting schemes. The manual point 
count locations were selected algorithmically to represent different 
combinations of prior and DT predictive probabilities, prioritizing sites 
where the prior and posterior predictions were most contradictory. 
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These locations were visited by bird experts, who performed a total 
of 1,185 5-min point counts without knowing the prior and DT predic-
tions by which the locations were selected. This test confirmed that 
the DT leads to improved predictions: the mean AUC across those 73 
species that were available for this comparison increased from 0.62 to 
0.67 for the expert point count data. This was again the case especially 
for species for which the prior model was poor (Fig. 5e) and that are 
migratory (Fig. 5f).

We further compared the DT predictions with those based on 
the eBird39 global citizen science project. For each survey week, we 
extracted species occurrence probabilities from the eBird Status and 
Trends Weekly Abundance Maps released in summer 2025, which 
represent data accumulated through 202340. For those 53 species for 
which eBird-based predictions were available, the mean AUC was 0.62 
for eBird-based predictions and 0.67 for DT predictions.

Discussion
The need for accurate and real-time biodiversity predictions has been 
much advocated14,15,41, but achieving this has remained challenging28. 
This Article demonstrates the feasibility of constructing a real-time 
DT of biodiversity and shows, with independent test data, that the 
DT improves predictions about the current and future states of bio-
diversity. By combining long-term data with a continuous stream of 
smartphone-based citizen science data, our DT addresses the challenge 
of generating reliable predictions at a high spatiotemporal resolution6. 
Such predictions are much needed under the UN Convention on Bio-
logical Diversity’s Global Biodiversity Framework to detect biodiversity 
changes and to promptly implement the necessary environmental 

management and policy actions. Although the DT developed here 
is aimed at quantifying changes in species distributions rather than 
directly identifying their potential drivers or recommending manage-
ment or policy actions, it provides a foundation for making informed 
progress in these directions.

Citizen science can provide massive amounts of biodiversity data. 
For example, the platforms eBird39, iNaturalist42 and Pl@ntNet43 have 
recruited some 1.1 million, 8.9 million and 8.2 million users, respec-
tively. These extensive citizen science datasets have not only provided 
an invaluable resource for biodiversity research but have also stimu-
lated the development of numerous statistical methods to address 
data quality issues, such as sampling biases and detection errors23. For 
example, although eBird’s data collection procedures involve system-
atic quality control and quantification of user skills, using these data for 
prediction and inference requires statistical approaches that carefully 
account for confounding factors and changes in the observation pro-
cess. The best practice recommendations for using eBird data involve 
choices related to filtering the data for complete checklists, perform-
ing spatial subsampling and using filters for observation effort44. The 
predictions based on eBird data that we utilized in our comparison are 
not updated automatically in real time, but periodically by Cornell Lab 
of Ornithology data scientists, who provide Status and Trends products 
based on data accumulated over several years.

A core feature of the MK app is that it was directly developed to 
overcome the outstanding challenges of citizen science23. First, to 
tackle the issue of variable and often unknown sampling effort, the MK 
app quantifies the location, time, type and duration of each recording 
and implements standardized interval recordings and permanent point 
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Fig. 5 | Comparison of DT (posterior) and prior models in terms of predictive 
power. a–c, Evaluation of the capacity to predict future MK app data. We updated 
the DT dynamically until the present day (a) and contrasted the next day’s prior 
and posterior predictions to actual MK data (b and c). The results are shown for 
those 89 species that were observed at least 5,000 times by the end of 2024. d–f, 
Evaluation of the capacity to predict future point count data by experts. We used 
the DT predictions from the end of April 2025 to select point count locations that 
showed the greatest differences between the prior and DT predictions (a), and 
then compared the next day’s prior and posterior predictions with the actual 
point count data (e and f). The results are shown for those 73 species that were 

observed at least 10 times in the expert point counts. The dot size in e and f is 
proportional to p(1− p), where p is the species’ prevalence in the point count 
data and, hence, larger dots show cases where the AUC can be calculated more 
reliably. The DT makes substantially better predictions for most species (mean 
difference in AUC between posterior and prior predictions 0.06 for both types of 
prediction), and especially for species for which the prior model is poor (b and d) 
and that are migratory (c and f). The P values and slopes in b, c, d and f originate 
from a linear model that includes as explanatory variables both prior predictive 
performance and the proportion of time that the species spends as a resident.
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count routes. Second, to remove observer heterogeneity in species 
identification, the MK app uses machine-learning-based classifications 
with well-calibrated estimates of uncertainty. These characteristics 
of the MK app data facilitated their straightforward integration into a 
predictive DT approach. Furthermore, by storing raw audio data, the 
DT enables reclassification of past observations with continuously 
improving classification models, ensuring that they remain useful 
and accurate over time. Despite the above-mentioned features, the 
MK app data have some of the biases that are characteristic to citizen 
science datasets. Most importantly, the direct recordings are triggered 
by bird vocalizations that are of interest to the users. As shown in our 
previous analysis, some users target only new species that they have 
not recorded before, whereas other users provide data that are compa-
rable to PAM45. Accounting for such variation in user profiles provides 
an important challenge for future work. Another limitation is that the 
MK app is based on audio only, omitting visual observations of birds.

Global biodiversity databases have major spatial biases, which 
influence our understanding of biodiversity and hamper its protec-
tion46. Many areas remain understudied due to barriers related to 
wealth, language, geographical location and security47, making it dif-
ficult to implement large-scale biomonitoring programmes that would 
require transport of specialized experts and equipment at appropriate 
times. To fill such spatial and temporal gaps in biodiversity data, the 
potential of citizen science has been previously recognized48. Our 
approach is highly scalable both computationally and in terms of 
smartphone technology and can be easily extended across geographi-
cal regions, given the widespread global ownership of smartphones. 
Even for birds, one of the best-studied taxonomic groups, and in Fin-
land, a country with exceptionally well-documented biodiversity, our 
DT approach demonstrated substantial improvements in predictive 
performance. Thus, in regions where biodiversity is less well studied, 
our technology offers strong potential to rapidly improve ecological 
knowledge and inform conservation efforts.

Our DT approach may not generalize straightforwardly to many 
existing citizen science data streams, as the seamless integration 
between the data collection and the real-time predictive modelling 
was enabled by the fact that the MK app was specifically designed 
to serve this purpose. While building an operational DT such as the 
one presented here may initially require more effort than most other 
citizen science platforms, its capabilities go well beyond what static 
systems can achieve, as it provides a dynamic approach for forecasting 
biodiversity. Compared with this effort, the improvement in predictive 
power that we reported here may appear moderate: the AUC improved 
from 0.62 in our prior model to 0.67 in the DT. However, we argue that 
this improvement is substantial, as the AUC value increased by 42% if 
compared with the baseline value of 0.50. Instead, the low AUC values 
are explained by the fact that the predictive task that we targeted is 
highly challenging. Namely, our test data concern variation in species 
detections over a small geographic area (where all the species generally 
occur) and over a short period (during which all the species were gener-
ally present), making it highly challenging to predict in which samples 
the species were present and in which they were absent.

Successfully protecting nature requires collaboration between 
governments, businesses and civil society, with a key question being 
how to engage a larger part of society in supporting nature49. Citizen 
science has great potential to engage people more actively in environ-
mental monitoring50, and our DT addresses major challenges associ-
ated with large-scale spatial monitoring in citizen science51. Moreover, 
mobile-based approaches may attract younger participants, making 
them an important means of increasing public understanding of sci-
ence52. Thus, these approaches can be effective in motivating par-
ticipants to sample biodiversity in more meaningful ways, potentially 
reducing some of the biases inherent in how citizen science data are 
collected53. The MK app has substantially promoted citizen engage-
ment and helped reconnect citizens with nature through extensive 

school collaboration, media coverage, the possibility of sharing results 
through social media, and educational features such as the bird game. 
In particular, the MK app has gained popularity among ordinary citizens 
who do not necessarily recognize any bird sounds themselves, as it ena-
bles them not only to learn which birds vocalize in their surroundings, 
but also to contribute valuable biodiversity data that are immediately 
used for research and monitoring. This inclusivity, together with the 
DT approach, greatly enhances the ability of citizen science to provide 
reliable, real-time information on global biodiversity, helping to bridge 
the current time lag between research and policy.

Methods
The MK smartphone app
The MK mobile application and its technology infrastructure were 
developed collaboratively by the University of Jyväskylä, CSC – IT 
Center for Science and the University of Helsinki. The MK app is built 
upon an open-source technology stack and developed using the Flut-
ter mobile application framework. The MK app is freely available on 
Android and Apple mobile devices in Finland and Sweden. At the core of 
the application’s architecture lies a server-side, customized Camunda 
BPM hyperautomation platform, providing a robust solution for anony-
mous user participation in research and data collection processes. 
This architecture addresses challenges related to European Union 
data protection regulations (General Data Protection Regulation), 
ensuring secure application use and enabling the transfer of data for 
research purposes.

The operational workflow is initiated by a user recording bird 
sound—including direct, interval or point count recordings—along with 
metadata such as an anonymous participation key, location, recording 
length and timestamp. These data are transmitted via Internet connec-
tion to an application programming interface running within a secure 
computing environment provided by CSC. The audio files are stored 
in CSC’s object storage system Allas, while the metadata are saved in a 
MongoDB database. The workflow directs the audio files to several vir-
tual machines running in the cPouta cloud service, which performs bird 
classifications. The results are returned to the user, who can voluntarily 
assess the correctness of the identifications and provide feedback to 
further develop the classification model. The backend stores observa-
tion data and results for scientific purposes and retains the original 
audio files, allowing reprocessing with future classification models 
and manual validation of observations.

The machine-learning-based model for bird classification
The bird species classifications are produced with a convolutional 
neural network that consists of a pretrained convolutional base of 
EfficientNet B0 architecture from BirdNET-Analyzer35 and a classifi-
cation head that we fine-tuned with vocalizations of 263 Finnish bird 
species36. Although the list of the selected 263 species is not the full 
list of all 496 species ever recorded in Finland, it contains all breeding 
species, non-breeding migrants and most common vagrants, making 
it unlikely that a citizen records a species not included in the clas-
sification model. The training dataset combined targeted record-
ings from Xeno-canto54, soundscape recordings from eight sampling 
locations in Finland, targeted field recordings by Harry J. Lehto and 
selected mobile phone recordings produced by MK app users. Labels 
for training data were collected through Bird Sounds Global annotation 
portal (https://bsg.laji.fi).

The classification model analyses the recordings in 3-s segments. 
The audio signal is converted into spectrogram images with an overlap 
of 1 s between consecutive segments using short-time Fourier trans-
form. For each segment, the model predicts detection probabilities for 
all species. The model predictions were calibrated with species-specific 
logistic regression models. We selected 80 vocalizations per species 
from the MK phone recordings uniformly across confidence bins rang-
ing from 0.2 to 1.0. The binary labels (presence/absence of the species) 
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were provided by a bird expert who listened to the recordings. The 
predictions of highly unlikely species are penalized on the basis of 
location and day of the year to remove obvious misclassifications (for 
example, migratory species detected during winter) from the data.

The citizen science campaign
The MK application was launched in collaboration with Finland’s 
national public broadcasting company Yle, which substantially ampli-
fied its visibility in national media. The first public mention occurred 
on 12 April 2023, during the Metsäradio (‘Forest radio‘ in Finnish) pro-
gramme, which focuses on forestry, nature and outdoor lifestyle. 
Subsequent coverage included the Luontoilta (‘Nature evening’ in 
Finnish) radio broadcast on 4 May, and a featured theme on Yle’s special 
television programme Muuttolintujen Kevät (‘Spring of migratory birds’ 
in Finnish) on 10 May. The application was also highlighted in Yle’s main 
evening news broadcast, which reaches an average television audi-
ence of approximately 750,000 viewers—roughly 14% of the Finnish 
population. In addition to traditional media, Yle promoted the citizen 
science campaign through its social media channels throughout the 
spring. Simultaneously with Yle’s campaign, the University of Jyväskylä 
organized citizen science events for a local audience during three 
consecutive springs. During these events, citizens had the possibility 
to interact with scientists about topics related to the MK application, 
and more broadly about birds and environmental change. The MK app 
and the citizen science events received attention in several local and 
national newspapers, as well as in birdwatching-related communities 
such as local BirdLife partners.

In spring 2024, we published educational material to help teachers 
integrate the MK app into their teaching. The material, which supports 
Finland’s national curriculum for basic education, is freely available in 
Finnish and Swedish (https://mappa.fi/materiaalit/muuttolintujen-
kevat-sovellus). This material was developed in collaboration with 
the Finnish Association of Nature and Environmental Schools and the 
Central Finland LUMA Centre. The educational use of the MK app was 
tested nationally in the Suuri Linturetki (Great Bird Excursion) event 
aimed at primary schools, as well as in the LUMA Centre Finland’s 
remote afternoon club for 1st and 2nd graders.

Overview of the DT approach
We index the MK app recordings by i = 1,… ,n, where n equals 16.3 mil-
lion by 29 September 2025. Each recording is characterized by its time 
ti (containing year, day and time of the day with 1 s resolution), location 
ci (latitude and longitude, or alternatively the corresponding index of 
the one hectare cell of the spatial grid for which we predicted species 
distributions), recording type ri ∈ {direct, interval,point}  and 
log-duration xi. For each recording i, we denote the bird detections by 
Yij, where j = 1,… ,p, with the total number of bird species p that may 
be detected equalling 263. We define Yij = 1 if bird species j was detected 
in the recording, in the sense of the classification model predicting 
detection with at least 90% probability, and Yij = 0 if this is not the case.

Under the prior model, the probability of detection factors as

P [Yij = 1] = m j (ci, ti|Ym) s j (ci|Ys,Xs)dPAM
j

(ti|Yd) ,

where the three components relate to migration (m), spatial distribu-
tion (s) and detection (d). The migration model yields the probability 
m j of the species j  being present, from the migration point of view, at 
time ti  and latitude ci. The prior migration model is fitted using 
long-term citizen science data Ym on species observations. The spatial 
distribution model yields the probability s j  of the species j  being 
present at the grid cell ci, conditional on it being present from the 
migration point of view. The prior version of the spatial distribution 
model is fitted using long-term systematic bird transect count data Ys, 
as well as predictors Xs related to habitat and climatic conditions. The 
detection model yields the probability d j by which the bird is detected 

at time ti  by the classification model with at least 90% probability, 
conditional on the species being present from both the migration and 
spatial distribution points of view. The detection model is parameter-
ized with long-term continuous PAM data Yd. Consequently, dPAM

j
 mod-

els the probability that a bird would be observed in a 1-min-long PAM 
recording rather than in an MK app recording, as indicated by the 
superscript PAM. We note that the detection model still contains useful 
information about how bird vocalization activity (hence, detection) 
depends on the day of the year and the time of the day.

In the posterior model of the DT, the probability of detection is 
modelled as

P [Yij = 1] = m j (ci, ti|Ym,YMK) s j (ci|Ys,Xs,YMK)dMK
j
(ti, ri, xi|Yd,YMK) ,

where all the three model components are updated by the MK phone 
app data YMK. In addition, the detection model is transferred from 
probability of detection by 1-min-long PAM (dPAM

j
) to probability of 

detection by MK phone app recording (dMK
j

). This brings dependency 
on the type (ri) and log-duration (xi) of the recording.

We next describe how each component of the prior model 
was inferred, and then how the DT updates the posterior by the MK 
app recordings.

Prior model for detection
The prior detection model yields the probability dPAM

j
(ti|Yd) by which 

the bird is detected at time ti from 1 min of PAM recording by the clas-
sification model with at least 90% probability, conditional on the spe-
cies being present from both the migration and spatial distribution 
points of view. To parameterize the detection model, we utilized 
595,400 1-min-long recordings acquired from 26 January 2021 to 10 
February 2023 in eight Finnish sites that took part in the LIFEPLAN 
biodiversity sampling scheme38: Värriö Subarctic Research Station, 
Hyytiälä Forest Station, Konnevesi Research Station, Lammi Biological 
Station, Kiiminki Field Site, Archipelago Research Institute, Oulanka 
Research Station and Kilpisjärvi Biological Station. Using the 
above-described bird classification model, we inferred the presence–
absence of Finnish birds in each 1-min segment, using as classification 
threshold 0.75, or the 90% quantile of all classification probabilities. 
To model detection conditional on the species being present at the 
site, we selected for each year and each site the time period that started 
after 5% of all the detections for that year had accumulated and ended 
when 95% of all the detections for that year had accumulated. We mod-
elled the data with logistic regression (function glm in R with binomial 
family) using the time of the year (number of days since 1 January) and 
time of the day (minutes from midnight) as predictors. We modelled 
the seasonal and diurnal effects through the periodic functions of 
sin(2πx), cos(2πx), sin(4πx) and cos(4πx), where x  represents either the 
day of the year or the time of the day, both scaled to the range 0–1. We 
fitted the models to those 117 species for which the LIFEPLAN data were 
sufficient. We validated all the detection models by bird experts. If a 
bird expert considered that the detection model poorly reflected the 
species’ actual vocalization activity pattern, we manually adjusted the 
parameters to better align with expert judgement. For the remaining 
146 species for which the LIFEPLAN data were not sufficient for statisti-
cal model fitting, we parameterized the detection models solely on the 
basis of expert elicitation.

Prior model for migration
The prior migration model m j (ci, ti|Ym)  yields the probability  
by which the species is present from the point of view of migratory 
behaviour at the location ci and timeti. We parameterized the migration 
m o d e l  a s  m j (ci, ti) = min {Φ [day(ti);μ = θS,M

j
+ θS,L

j
lat(ci), σ = θS,I

j
] ,

1 −Φ[day (ti) ;μ = θA,M
j

+ θA,L
j
lat (ci) , σ = θA,I

j
]} with Φ denoting the cumula-

tive density function of the normal distribution with mean μ and standard 
deviation σ, lat (ci) the latitude of location ci, and day (ti) ∈ {1,… , 365} the day 
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associated with time ti. Therefore, our prior migration model is not 
specific to any given year but seeks to capture the averaged migration 
timing, whereas the posterior model yields year-specific predictions. 
Note that Φ increases from zero to 1 as its argument increases. The first 
part of the function models the arrival of the species during spring 
migration: θS,M

j
 models the mean day of arrival, θS,L

j
 models its latitude 

dependence and θS,I
j

 characterizes the length of the interval during which 
arrival occurs. The second part of the function models the departure of 
the species during autumn migration: θA,M

j
 models the mean day of 

departure, θA,L
j

 models its latitude dependence and θA,I
j

 characterizes the 
length of the interval during which departure occurs. The migratory 
behaviour of each species j is thus captured through six parameters that 
we combine into the vector θj = (θS,M

j
,θS,L

j
, θS,I

j
, θA,M

j
,θA,L

j
,θA,I

j
).

To estimate θj, we downloaded from Finnish Biodiversity Informa-
tion Facility (FinBIF; https://laji.fi/en) citizen science observations Ym 
on Finnish birds for the period 2000–2022. For each year, each species 
and each of ten evenly distributed latitude zones, we defined the ‘first’ 
and ‘last’ observation as the 5% and 95% quantile of observations for 
which at least 50 occurrences were available. We fitted linear models 
(with function lm in R) to these data, with latitude as the sole predictor, 
yielding estimates of θS,M

j
 and θS,L

j
 when using first observations as the 

response, and estimates of θA,M
j

 and θA,L
j

 when using last observations 
as the response. To parameterize the lengths of the intervals during 
which the spring and autumn migrations progress, we calculated (with 
function predict in R) the upper and lower 95% prediction intervals for 
each latitude zone, and then defined the parameters θS,I

j
 and θA,I

j
 as 

one-fourth of the difference between the upper and lower intervals, 
averaged over the latitude zones. The FinBIF data enabled fitting the 
migration model for 160 species. As citizen science data are prone to 
errors, we manually validated all the migration models by bird experts. 
We filtered out clearly erroneous observations in the FinBIF data and 
manually adjusted parameters as needed to better reflect expert opin-
ion on migratory timing. For the remaining 103 species for which the 
FinBIF data were not sufficient for statistical analyses, we inferred the 
migration model parameters using expert elicitation.

Prior model for spatial distribution
The prior spatial distribution model yields the probability s j (ci|Ys,Xs) 
by which each species j  is present at each grid cell ci, conditional on it 
being present from the migration point of view. We predicted these 
species occurrence probabilities for Finland at 1-ha resolution with the 
joint species distribution modelling approach HMSC37.

As the response data Ys, we used expert-based Finnish bird transect 
line count surveys conducted during 2006–2023. The data consist of 
4,014 surveys on 555 different routes systematically covering the whole 
country with 25-km intervals. Each survey route contained counts on 
birds observed during a 6-km-long transect. We included in the HMSC 
analysis those 137 species that were observed in at least 100 surveys. 
We converted the prevalences into presence–absence data and 
assumed Bernoulli distribution with a probit link function.

As predictors Xs, we used variables representing land cover, cli-
matic conditions, forest structure, temporal trends and sampling 
effort. The land cover variables were derived from the CORINE land 
cover database for 200655, 201256 and 201857 and represented propor-
tions in the following categories along the transect: (1) mixed forests, 
(2) deciduous forests, (3) shrubs, (4) grasslands and wetlands, (5) 
agricultural land, (6) barren land, (7) urban areas, (8) water bodies and 
(9) coastal habitats. The climatic variables were derived from Coper-
nicus Climate Change Service58 and represented the average (10) sum-
mer ( June and July), (11) winter (December, January and February) and 
(12) spring (April and May) temperatures during the year before the 
survey, all included as second-order polynomials. The forest structure 
variables were derived from the Finnish Multi-Source National Forest 
Inventory raster maps of the years 2013, 2015, 2017, 2019 and 2021 
provided by the Natural Resources Institute Finland59,60. These data 

represent (13) the stand age, the volumes of (14) pine, (15) spruce, (16) 
birch and (17) other deciduous trees, as well as (18–22) the five principal 
components of a detailed categorization to forest types. Temporal 
trends not explained by the previously mentioned predictors were 
modelled by including (23) the linear effect of the survey year. Sampling 
effort was accounted for by including (24) the length of the transect 
line and (25) the duration of the survey as predictors. We further mod-
elled spatial variation not captured by the fixed effects by including 
the transect as a spatially structured random effect61.

We fitted the HMSC model using a Bayesian approach. We used 
default prior distributions62 and sampled the posterior distribution 
using the high-performance computing extension63 of the R package 
Hmsc64. We sampled the posterior distribution with four chains, ignor-
ing the first 12,500 to allow convergence and thinning the remaining by 
100 to obtain 250 posterior samples per chain and, thus, 1,000 poste-
rior samples in total. When using the fitted model to predict the distri-
butions of birds at one hectare resolution, we set all time-dependent 
predictors to correspond to the year of 2023 and fixed the sampling 
effort variables to the mean values over the data. We validated all the 
predicted spatial distributions by bird experts. If a bird expert judged 
that the spatial distribution poorly represented the species’ actual 
distribution, we applied manual corrections. For the remaining 99 
species for which the transect line data were not sufficient for statisti-
cal model fitting, we constructed prior models of spatial distributions 
based on expert elicitation.

Posterior model for detection
PAM recordings differ in many senses from MK app observations, which 
are overwhelmingly short opportunistic recordings. We corrected this 
mismatch by fitting a model that translates the PAM detection prob-
abilities to MK detection probabilities. For computational simplicity, 
we left the migration model and spatial distributions fixed at their prior 
values when updating the detection model. That is, we fitted the model

P [Yij = 1] = m j (ci, ti|Ym) s j (ci|Ys,Xs)dMK
j
(ti, ri, xi|Yd,YMK) .

We parameterized the updated MK detection probabilities with 
a probit model,

dMK
j
(ti, ri, xi|Yd,YMK) = Φ (αj + β j,ri xi + γjΦ

−1 (dPAM
j

(ti|Yd))) .

Here, αj is a species-specific intercept that accounts for differences 
in the average number of observations between PAM and MK observa-
tions, βj,ri is coefficient of log-duration for recording type ri and allows 
the model to adjust for the fact that longer (direct) recordings are more 
likely to have MK detections, and γj is coefficient of the linearized PAM 
detection probability that allows the posterior model to inherit time 
dependence. We placed independent N(0, 52) priors on all coefficients. 
We obtained maximum a posteriori (MAP) estimates via gradient 
descent and used these as a plug-in estimate for future inference. 
Because all MK observations are informative about the detection 
model, after the first year the posterior variance for estimated param-
eters is already vanishingly small and refitting the model daily with 
streaming data does not change estimates or performance to any rel-
evant degree. Consequently, we chose to update the detection model 
once at the start of each year with all available data.

Posterior model for migration
Migration within a given year can substantially deviate from the 
long-term average behaviour captured by the prior. The next step in 
our analysis was to update the prior migration parameters θj  to 
year-specific posterior parameters θ̃j. As with the detection model, we 
fixed the spatial distribution at the prior and fitted the model

P [Yij = 1] = mθ̃j
(ci, ti|Ym,YMK) s j (ci|Ys,Xs)dMK

j
(ti, ri, xi|Yd,YMK) ,

http://www.nature.com/natecolevol
https://laji.fi/en


Nature Ecology & Evolution | Volume 10 | March 2026 | 481–495 490

Article https://doi.org/10.1038/s41559-025-02966-3

where we temporarily write mθ̃j
 instead of m j to make dependence on 

the parameters clear. Shrinking the posterior migration function 
towards the prior migration function is key for model stability and 
accurate forecasting. Specifying a suitable prior is complicated by the 
fact that parameters are on very different scales, and sometimes large 
changes in parameters are needed to produce comparatively small 
changes in the migration function—for example, to produce a 
step-function pattern in the case of rapid migration. To overcome these 
challenges, we used a functional prior,

p (θ̃j) ∝ exp (−λf (θ̃j)) ,

with λ > 0 a precision parameter and f  the penalty

f (θ̃j) = ∫[mθ̃j
(c, t) −mθj (c, t)]

2
dcdt.

This prior assigns high probability mass to migration functions 
that are close in shape to the prior function, allowing large absolute 
changes in parameter values while ensuring the general form of the 
migration function is stable. A large value of λ shrinks the posterior 
migration function more strongly towards the prior migration func-
tion. We fixed the relatively small value of λ = 0.01 and approximated 
the integral in f  over a fine grid. We calculated MAP estimates with 
gradient descent and used these as a plug-in estimate for forecasting 
and future model fitting. We designed our migration models to be year 
specific; therefore, their parameters were reset to the prior at the 
beginning of each new year and are informed only by data from the 
particular year. In the next section, we write m j (ci, ti|Ym,YMK)  for the 
migration model with updated parameters.

Posterior model for spatial distribution
We next describe how the spatial component of the DT was updated. 
Adjacent cells are likely to have similar spatial probabilities, but the 
massive number of 1-ha cells across Finland and need for daily updating 
make exact Bayesian inference (for example, calculating the posterior 
with a Gaussian process prior for the spatial component) intractable. 
We adopted a local-likelihood approach, which estimates the spatial 
distribution independently in each cell using a weighted log-likelihood 
that incorporates nearby observations, discounted by their distance. 
The local log-likelihood for the posterior spatial probability s in a focal 
cell c0 has the form

𝓁𝓁 (s) = ∑
c

K (c, co) ∑
i∶ci=c

[YMK
ij
log (pij (s)) + (1 − YMK

ij
) log (1 − pij (s))] ,

where pij (s) = m j (ci, ti|Ym,YMK) × s × dMK
j
(ti, ri, xi|Yd,YMK) ,  and K (c, c0)

= exp (−τdist(c, c0)
2/2) is a Gaussian kernel. The parameter τ  controls 

the influence of nearby cells for inferring the posterior probability in 
c0. If τ  is very large, then the weights assigned to nearby cells vanish 
and only information in the focal cell is used to update the spatial prob-
ability. Conversely, as τ  becomes very small, all cells across Finland are 
given equal weight when learning the updated spatial probability. In 
the special case of τ = 0, the local likelihood reduces to the traditional  
likelihood

𝓁𝓁 (s) = ∑
c

∑
i∶ci=c

[YMK
ij
log (pij (s)) + (1 − YMK

ij
) log (1 − pij (s))] .

In our computations, we used τ = 1/2.52, which allows cells within 
roughly 7.5 km of the focal cell to influence the posterior probability. 
We used a truncated Gaussian prior for s with moments taken from the 
prior model: s ∼ N0,1(s j(c0|Ys,Xs),σj(c0|Y

s,Xs)) . We obtained MAP esti-
mates ̂s(c0) independently for each cell c0 and used these as plug-in 
estimates to define the posterior model, s j(c0|Ys,Xs,YMK) = ̂s(c0) . We 
estimated posterior variances using a Laplace approximation.

To facilitate computations, we defined a downsampled grid at a 
resolution of 1 km2, with each downsampled cell c′ containing 100 cells 
from the original grid. We calculated prior means and variances for 
each downsampled cell c′ by averaging the prior means and variances 
of the associated 1-ha cells. The local likelihood approach was used to 
find posterior probabilities for each downsampled cell. To facilitate a 
fair comparison with the 1-ha prior, we then upsampled the 
low-resolution predictions. Our method of upsampling aims to pre-
serve the local geometry of the prior with the constraint that average 
probabilities within each 1-km2 cell must be consistent with the down-
sampled posterior. Accordingly, for each 1-km2 cell, we found δ̂(c′0) by 
minimizing the squared error

g (δ) = ∑
ci∈c′0

[Φ (Φ−1 (s j (c′0|Y
s,Xs,YMK)) + δ) − s j (ci|Ys,Xs)]

2

and then defined s j(ci|Ys,Xs,YMK) = Φ (Φ−1(s j(c′0|Y
s,Xs,YMK)) + δ̂(c0) ) for 

ci ∈ c′0. Down- and upsampling were only necessary to test the DT in 
simulations; the daily model was run at a resolution of 1 ha.

Computational implementation
We implemented the posterior updating pipeline in central processing 
unit (CPU) partition of the Mahti high-performance computing (HPC) 
cluster operated by CSC, leveraging parallel processing across multi-
ple species for computational efficiency and scalability. The pipeline 
is represented by the following set of scripts, which are divided into 
three distinct stages.

Data preparation and organization (scripts A0, A1 and A2)

A0_species_dir_arrange.py: This script takes the raw input data, 
including prior predictions, singing and migration parameters, 
and prior spatial distribution maps, and organizes them into a 
structured directory system, creating a dedicated directory for 
each species. The script preprocesses initial species-specific data 
and prior information for subsequent steps.

A1_process_meta.py: This script processes the main observation 
metadata (XData) and migration prior parameters. This adds 
derived features to the observation data (for example, log_dura-
tion and recording type—direct, interval or point) and standard-
izes species names in the migration parameters. These processed 
metadata are saved for use in the modelling stage.

A2_prepare_species_data.py: This script is designed to be run per 
species (indicated by the species_id argument, suitable for a Slurm 
array job). This reads species-specific spatial prior maps (mean 
‘a’ and variance of the probit model’s linear predictor ‘vaL’) and 
performs calculations, notably deriving a variance map in the prob-
ability space ‘va’ using a Monte Carlo approximation approach. The 
resulting spatial variance map is saved for consecutive modelling.

Species-level model updating and evaluation (script B1)
B1_eval_species.py: This is the core modelling script, run per spe-

cies (indicated by the species_index argument, suitable for a 
Slurm array job). This loads the processed metadata (from A1) and 
species-specific data including spatial priors (from A0 and A2). For 
each species, training and evaluation is conducted for the following 
statistical models:

•	 Detection: updating detection probability based on observation 
data and recording characteristics.

•	 Migration: updating migration parameters based on observa-
tion data and location/day.

•	 Spatial distribution: updating spatial distribution probabilities 
using geographically weighted regression based on observed 
data and prior spatial maps.
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•	 This script calculates a set of evaluation metrics (AUC, R2, preva-
lence and likelihood) comparing prior and updated model per-
formance over the specified test period. On request, the updated 
spatial distribution maps and forecasting results are saved.

Post-processing and aggregation (scripts C1 and C2)
C1_postprocess.py: This script aggregates the evaluation results 

from the individual species runs of B1. This reads the evaluation 
metrics saved by B1 for different model configurations (for example, 
different training periods or prior types) and compiles them into a 
single summary table (CSV file). This is used for overall analysis and 
comparison of model performance.

C2_realtime.py: This script is designed for evaluating the pipeline’s 
performance in a real-time analysis simulation using the retrospec-
tive 2024 data. This iterates through sequential training windows, 
effectively simulating the daily updates shown in the diagram 
(Fig. 5a). For each time step, the predictions generated by B1 are 
aggregated with training data over the relevant time frame and 
evaluation metrics are calculated for a 1-week forecast window. 
This provides insights into how the model performs with updated 
parameters as new data are incorporated over time.

In summary, the above-described pipeline prepares data, updates 
species-specific statistical models in parallel using MK app and prior 
information (covering detection, migration and spatial components), 
evaluates the performance of these updated models and then aggre-
gates the results for performance evaluation and downstream visualiza-
tion. The use of Slurm array jobs allows the computationally intensive 
modelling step (B1, and data preparation step A2) to be scaled effi-
ciently across many species.

We used the pipeline for three different tasks: (1) modelling of 
retrospective 2023 and 2024 annual data, (2) simulating real-time daily 
updates using retrospective 2024 data and (3) conducting real-time 
daily updates and predictions from the DT throughout the migration 
season of 2025.

Evaluation of predictive performance against future MK data
One aim of the DT was to provide real-time updated predictions of 
future MK app detections. We assessed the quality of these predictions 
with a walk-forward evaluation on the 2024 data. For computational 
convenience, we first pre-estimate the posterior detection model using 
2023 data. Then, for T = 0, 1, …, 365, we trained the migration and spatial 
models using all data up to time T of the leap year 2024 and predicted 
over the next day T + 1. The predictions were aggregated over the 366 
test periods. We evaluated predictive performance with AUC.

Evaluation of predictive performance using expert point 
count data
While the above-described evaluation of predictive performance was 
based on splitting the data temporally into training partition (MK data 
until present day) and unseen testing partition (MK data for the next day), 
the test data were not fully independent from the training data. Most 
importantly, the machine-learning-based classifications may contain 
consistent mistakes both in the training and in the test data, potentially 
inflating the apparent predictive performance. To see why this could be 
the case, assume that MK app detections of species A would be based 
on misclassification, as in reality originating from species B. Validation 
against next-day MK app data could yield optimistic results, because both 
the predictions and the next-day data might agree that A is present, even if 
this was not the case. Instead, manual point counts by bird experts would 
correctly suggest that species B is present instead of species A and thus 
avoid circularity in validation. To compare the performance of prior and 
posterior models against an independent dataset of bird occurrences, we 
organized a field campaign involving volunteers (expert birdwatchers) at 
preselected sites. The campaign consisted of three main steps:

•	 Volunteer recruitment. We invited birdwatchers to participate via 
an online survey, which was distributed through local birdwatch-
ing mailing lists in Finland. To ensure sufficient birdwatching skills, 
we evaluated responses on the basis of the volunteers’ experience.

•	 Site selection and assignment. Point count locations were algo-
rithmically selected to maximize contrast between prior and 
posterior model predictions. Each site included five-point count 
locations: one central point and four at the corners of a 1-ha 
square. Volunteers received daily site assignments via Google 
MyMaps links, each containing 10 sites (that is, 50 daily point 
count locations). The volunteers could then choose which sites 
to visit based on accessibility. Volunteers were unaware of the 
model predictions used to select the sites.

•	 Fieldwork and data collection. Fieldwork took place from 1 May 
to 5 June 2025, typically between 5:00 and 10:00, when bird 
activity is highest. Volunteers recorded species lists (heard or 
seen) at each point count location, resulting in five lists per site. 
They submitted the data daily via an online form, and volunteers 
had the opportunity to review their submissions before analysis.

Sites for point-count locations were assigned to volunteers based 
on a utility function that prioritizes sites where the posterior and prior 
differ substantially, while also avoiding oversampling the same scenario 
across days (for example, repeatedly exploring areas where the poste-
rior is much larger than the prior). As the bird experts conducting 
manual point counts were unaware of the prior and posterior predic-
tions, the algorithmic selection of the validation sites does not bring 
bias to the results. The utility was defined in terms of absolute differ-
ence between the species’ prior spatial distributions and posterior 
spatial distributions calculated from 2023 and 2024 data and was 
further modulated by expectation of species provided by prior migra-
tion component. Let c<t  be the sites selected up to day t. For species j, 
we defined the utility U j (ct|c<t) = f j (ct)∏

t−1
i=1 (1 − g j(ct, ci)), where

f j (ct) = ||s j (ct|Ys, Xs, YMK) − s j(ct|Ys, Xs) ||

and

g j (ct, ci) = γM j(ci, i) exp (
τ
2 ((s j (ct|Ys,Xs) − s j (ci|Ys,Xs))2

+(s j (ct|Ys,Xs,YMK) − s j (ci|Ys,Xs,YMK))2)) .

The first term, f j, promotes sampling of areas where the prior and 
posterior differ but is agnostic to the direction of the difference and the 
absolute prior/posterior values. For example, cells with prior/posterior 
values of (0.3, 0.8), (0.8, 0.3) and (0.1, 0.6) all result in f j (ct) = 0.5. Select-
ing sites by naively optimizing only this term would probably provide 
poor coverage of the different prior/posterior scenarios, resulting in a 
brittle comparison of the prior and posterior models.

The second term penalizes repeat sampling of prior/posterior sce-
narios from previous days. The function g j defines a Gaussian kernel with 
precision τ  in probability space and is close to 1 (hence, the utility is close 
to zero) when the prior/posterior values in a candidate cell ct are close to 
the prior/posterior values in a previously sampled cell. The 
migration-based indicator multiplier M j (ci, i) = 1 (m j (ci, ti|Ym) ≥ 0.75)  
was introduced to negate the penalizing effect on previously sampled 
cells where the migrating focal species had not yet arrived. We selected 
γ = 0.95 to improve numerical stability by preventing exact zeros and 
τ = 400, which corresponds to a standard deviation of 0.05 in 
probability space.

On day t , we selected cells to maximize the total migration- 
modulated utility

U (ct|c<t) =
p

∑
j=1

M j (ct, t)U j(ct|c<t).

http://www.nature.com/natecolevol


Nature Ecology & Evolution | Volume 10 | March 2026 | 481–495 492

Article https://doi.org/10.1038/s41559-025-02966-3

Sites were selected sequentially for volunteers on each day subject 
to hierarchical spatial constraints designed to minimize travel time 
within days and spatial autocorrelation across days. For volunteer i, 
we first chose a central site

ct,i,1 = argmaxc U(c|c<t)

within a 50-km radius of i’s central coordinates. We then chose nine 
other sites sequentially,

ct,i,k = argmaxc U(c|c<t),

where k = 2, …, 10, within a 10-km radius ofci,t,1. Volunteers surveyed as 
many of these sites as possible in a given morning. Sites were chosen 
to be at least 1 km away from previously selected sites.

At each site, we allocated 5 point-count locations placed in the cor-
ners and centre of a 100 × 100-m square centred at the site coordinates.

The survey resulted in 1,185 point-count observations conducted 
at 245 sites on days T = 126, …, 157 corresponding to 1 May to 5 June 
interval of 2025. Following our walk-forward evaluation design, for 
each day T we extracted the predictions of the migration and spatial 
posterior models from the DT that was trained with all MK data up to 
day T − 1, as well as predictions of the prior model for detection. We 
compared the product of these three prediction components against 
the corresponding species occurrence data collected in the survey, 
computing the AUC value for each species separately.

We compared the DT predictions with eBird Status and Trends 
Weekly Abundance Maps geospatial data product, which has weekly 
temporal resolution. We extracted the species occurrence predic-
tions for the spatial locations of each point-count observation in the 
week for which the centre was closest to the date of the point count. 
As the currently available eBird Status and Trends Weekly Abundance 
Maps geospatial data product covers only 53 species out of 80 that we 
included in the survey, we replicated the subsequent AUC calculation 
for these species only.

FAIR publication of the data in FinBIF
Occurrence records produced by the MK app are copied to FinBIF65 
and published on the Laji.fi portal. The dataset has a persistent iden-
tifier (http://tun.fi/HR.6578) and metadata describing, for example, 
creation method, ownership, licensing, citation and details about the 
machine-learning-based classifier used. Observations are retrieved 
from CSC’s storage servers. Only records with a species-specific confi-
dence value ≥0.9 are retained. Privacy and species protection measures 
are applied, including coordinate rounding (1 × 1 km Finnish Uniform 
Coordinate System grid), pseudonymization and 1–100 km obfuscation 
for sensitive taxa66. These observations are archived and available for 
download in their original format and full detail.

Observations are aggregated by species, date and location, with 
summary attributes such as detection count and maximum confi-
dence. The dataset is converted to the FinBIF schema, validated and 
ingested into the FinBIF data warehouse via an API. It is published as 
FAIR, open-access data on Laji.fi, where records are flagged as machine 
observations for filtering. They are searchable using the Laji.fi obser-
vation search and are also synchronized to the Global Biodiversity 
Information Facility67. In addition, exact non-obfuscated locations 
are stored in FinBIF’s public-authority portal and are available only to 
Finnish authorities or through formal data requests66.

Any registered FinBIF user can flag potentially incorrect records 
for expert review. Assigned experts can review questionable records 
based on associated audio, which is not public due to privacy reasons68.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The data generated by the MK app and the associated metadata are avail-
able via FinBIF at the persistent identifier http://tun.fi/HR.6578. Accord-
ing to eBird platform policy, access to the Status and Trends Weekly 
Abundance Maps can be obtained through online application request 
on the platform’s website. Interactive examples of DT predictions are 
available at https://mk-app-realtime.projects.earthengine.app/view/
mk-app-realtime-test. Source data are provided with this paper.

Code availability
The source code of the DT as well as the source code by which the prior 
predictions were generated are available via Zenodo at https://doi.
org/10.5281/zenodo.15774443 (ref. 69).
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