Sensitivity of trends to estimation methods and quantification of subsampling
effects in global radiosounding temperature and humidity time series

1. Introduction 2 Data & Methods

O Radiosonde profiling in-situ observations have proven to be essential for the study of

weather and climate and have been frequently used for the estimation of climate 2.1 Radiosonde Data sets:
trends. Radiosonde data set records from the Integrated Global Radiosonde Archive

Trend estimation 1s important for climate change detection. Its inaccurate calculation version 2 (hereafter, IGRA) are used in this work (Durré et al., 2018).

®
may lead to mcorrect conclusions about the current state and future evolution of the
climate.

o It 1s still challenging to provide a robust trend estimations for temperature and = m——— — — —
humidity from radiosonde data sets because radiosounding time series are affected by - = - i
several inhomogeneities (due to the changes in the utilized sensor type at different . R f \
locations)

o These sources of uncertainty in the trend estimation must be added to other \
contributions like the trend sensitivity to the choice of regression methods and those S G A S e
due to measurements subsampling both in time, due to gaps (e.g. missing data) in the © — —
data records and, in space. ===

Objectives

» Analyse source uncertainties in the estimation of decadal trends in radiosounding
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historical time series due to the choice of linear regression methods.
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» Provide quantitative estimates of the uncertainty introduced by the spatial and temporal W w o w0 G g m ST % %

2.2 Sensitivity Analysis

Statistical methods

subsampling effects on decadal trends estimations.

Statistical methods widely used to assess linear regression are based on a number of fundamental assumptions which are often violated in trends estimations.
Violations of the assumptions considered here include the presence of outliers in data set, non-Gaussian behaviour and statistical non-stationarity.

Methods of estimating trends:

4 D is cu S SiO n & C O n c1u SiO n e regression. International Journal of Pure and Applied Mathematics, 91(3), 349-360.

Simple linear regression technique (hereafter, LIN), a parametric regression method no resistant to outliers based on statistical significance via a T-test.
Lanzante robust linear fitting method (hereafter, LAN), non-parametric regression based on the median of pairwise slopes regression (Lanzante, 1996).
Least Absolute Deviation regression (hereafter, LAD), least absolute deviation method based on Barrodale-Roberts (1974) algorithm.

LMROB (hereafter, LMR), non-parametric regression method based on MM-estimator for linear regression models (Susanti et al., 2014)

3. Results
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b) Global Tropics
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Trend differences can be influenced by several phenomena: 1) sensitivity of each method to the specific nature of each dataset and to the presence of outliers; 11) quantity of datasets
available 1n the time series (temporal sampling effects) and how it 1s incorporated by methods with reasonable goodness of fit and; 111) number of radiosonde stations selected to

estimate trends (spatial sampling effects).

Increasing the gaps of missing data in the time series of datasets can systematically increase the noise among the regression methods and this 1s effects are more evident in SH and
tropics regions where radiosounding observations become limited. Subsampling uncertainties contributions to the uncertainty budget must be quantified to clearly demonstrate the
value of any trend estimation, both 1n space and time and also 1n correlation with the selected trend estimation method for each specific application.

These results highlight the need to always quantify the uncertainty contributions due to the choice of a regression estimation method and due to the effects of data subsampling

affecting the time series in space and time.
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