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Definitions.  A proxy record is determined by the local climate and some non-climatic effects (here called “noise”).  In general, we cannot invert this relationship because it may involve multiple climate variables, and these may relate to the proxy record in non-invertible, non-linear ways.  But if we limit ourselves to specially selected proxies, then we may find one that is influenced mainly by a single climate variable (there will still be a noise term, unless the proxy is an exact representation of climate – in which case there’s no need to call it a “proxy”!).  We might be able to invert the relationship between the proxy and the single climate variable – especially if it can be assumed to be linear, or linear after some simple transformation.  In doing so, we are essentially applying an inverse approach: we estimate climate from the proxy, even though the reality is that it is the climate that is driving the proxy.  The “noise” term is still in the inverse equation.  Depending how the inverse equation is formulated (e.g., by a least squares empirical regression fit), the “noise” term can be modelled as a random error term, though with unknown properties (in fact, the noise term is partially correlated with the proxy record, since it is a contribution to the proxy record, but if the part that is common with the proxy record is grouped with the proxy series, the remaining part of the noise can be modelled as a random error).

We may want to use proxy records, or groups of proxy records, to estimate past climate using this inverse approach, and compare the reconstructed climate with simulated climate from numerical models.  The primary purpose of this presentation is to highlight the fact that the noise/error term can be important in these comparisons, including an explanation of its influence, and how this can be incorporated in the comparison.  The noise/error term can only be incorporated into a comparison exercise if its properties can be estimated; one approach (used in the examples given in this presentation) is to use the residuals from the calibration against instrumental climate data to estimate the error properties (their variance, their temporal autocorrelation and their spatial correlation), though this may not be the optimal way of estimating them.

Examples are given for the comparison of levels of variability, comparison of climate trends, and comparisons of patterns of variability.

(1) Comparison of variance.  The variance of a proxy-based reconstruction is less than the variance of the climate time series that it was calibrated against (assuming a regression-type calibration).  The difference is the variance of the noise/error term, which can be estimated from the residuals obtained during calibration.  If comparing the variance at time scales longer than the time resolution of the proxy (e.g., the variance of decadal means of a tree-ring reconstruction), or at a number of time scales (e.g., a power spectrum), then some model describing how the variance of the error term depends upon time scale or frequency must be chosen.  With a white noise model, the error variance declines by a factor 1/n, where n is the number of time values being averaged.  If the residuals are autocorrelated, however, then this factor is nearer to one (i.e., the error term variance reduces less quickly).

(2) Comparison of trends.  The estimation of distributions of climate trends from calibrated proxy data should not be compared directly with models (or, for detection purposes, with observed climate data) either, again because of the “missing” variance.  Again, these can be included if some model is assumed for the noise/error term, and its parameters could be estimated from the calibration residuals

(3) Spatial patterns of variability.  The spatial de-correlation length is usually shorter for proxy series than for the climate series that they represent, because the error/noise term is (in part at least) due to local non-climatic signals that have little spatial correlation.  As a result of this lower spatial coherence, one should expect that the leading principal component of the proxy data will capture a lower fraction of the total variance than does the leading principal component of the associated climate data.
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