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Part 1: Detailed process and settings for the pressure-based geo-positioning
	The full analysis details can be found in the github repository: https://github.com/ksakuras/Siberian-rubythroat-China/
	We first manually labelled out flight events based on the following criteria: we labelled hours as “flight” if they had intense activity (acc[2–5]≠0) during local night time that may also have been associated with drop of pressure value. If the intense activity was not continuous during one night (i.e. acc[2–5] = 0 during some hours) we labelled these inactive hours as “rest in between”. We then evaluated this labelling result on TRAINSET (trainset.geocene.com): It allowed us to visually explore activity scores and air pressure measurements of events in parallel to evaluate our labeling of flight from the first approach. On top of the flight labeling, we also labeled abnormal pressure points to exclude them from further analysis. Besides, after adjusting the flight hours for all the flight events, we rounded the resulting numbers to integers and edited the label of flight hours in TRAINSET accordingly.
We then used the R package “GeoPressureR” (v2.7) (Nussbaumer, 2022c) for the position and trajectory inference. We set the known locations where the birds were re-captured as the calibration geolocation, and set the threshold of highest ground speed as 120km/h, and the threshold of highest airspeed as 80km/h. The setting of threshold of speed was referred from two studies when they documented the ground speed or airspeed of songbird species: the variation of groundspeed was 20–130km/h, and the airspeed was 18–72km/h (Bloch & Bruderer, 1982; Lisovski et al., 2020). We obtained local pressure data for each pre-defined stopovers from the ERA5 database within the region of the migration route range of our tracked population by referring to the GPS tracking data. Comparison of the logger pressure data for each stationary period with the downloaded background pressure data set generated a probability heat map based on the level of mis-match between the logger pressure and local pressure, while using the known geolocations of re-capturing site for calibration. The “GeoPressureViz” shinyapp (https://rafnuss.shinyapps.io) was used to visualize and evaluate the accuracy of labeling (Raphael et al., 2022). A subsequent movement model is then applied to infer every stationary and generate the shortest path based on the labeled and trained data set with a ground speed threshold as 120km/h. Lastly, we downloaded the wind direction data from the ERA5 database for each flight and modelled the migration trajectories further by refining the transition probability from assumed airspeed (≤80km/h) rather than groundspeed, after taking windspeed into account. 

Part 2: Detailed description of the statistic models
Seasonal correlation between flight altitude and stopover elevation
	we tested the correlation between flight altitude and stopover elevation and whether there were seasonal differences. We estimated how mean flight altitude varied with season and departure altitude using a mixed-effects linear regression model with normal error distribution. 
The fixed effects of the model took the form
 with
,
where  is the flight altitude with a normal error distribution with mean , which we estimated using the migratory season of the observation, with the effect for autumn migration  representing the intercept term, and the departure altitude as predictors. We further included the unique identifier of the logger as a random effect term in the model, and explored whether the effect of departure altitude had an interactive effect with season. This was not the case, and the interaction term was not included in the final model. We used the intercept estimation from the model as one estimation of relative flight height for each season.
	We also considered the alternative model using season and arrival altitude as predictors, using  
 with
 ,
We found that for this model, however, that the interaction term between season and arrival altitude was significant, and so it was retained in the model. We again included the unique identifier of the logger as a random effect term in the model.
	As the interaction between season and arrival was significant, we split the dataset by season and ran separate models for each season: lmer(altitude ~ arrival + (1|logger)).  We used the intercept estimation from the model as another estimation of relative flight height for each season.
Stopover and flight duration
We extracted the flight and stopover events during both autumn and spring migration to compare the seasonal behavioral difference that may be associated with the spatial-temporal migration strategies. 
We square-rooted transformed stopover duration (hours) for both of the datasets and estimated mean stopover duration, and how it varied with season using a mixed-effects linear regression model, using
 with
,
to estimate the mean stopover duration  for autumn (corresponding to the intercept) and spring migration, respectively. We assumed that the model error could be adequately described using a normal error distribution, and included logger identifier as a random effect term, representing individuals. We applied the same model to both the short and long stopover duration dataset.
We also tested whether there is seasonal difference for the flight duration. We square-rooted transformed flight duration (hours) for both of the datasets and estimated mean flight duration, and how it varied with season using a mixed-effects linear regression model, using
 with
,
to estimate the mean flight duration  for autumn (corresponding to the intercept) and spring migration, respectively. We assumed that the model error could be adequately described using a normal error distribution, and included logger identifier as a random effect term, representing individuals. We used the unprocessed flight duration from the raw dataset, as well the flight duration using the adjusted hours for running the model.




