FUSING DATA




Fusion = Synthesis

® Fssential complement to reduction
® No single data set provides a complete picture

® Involves more than just concatenating the files
together (data harmonization)

® Observed at different scales, uncertainties

® Naive approaches drop uncertainties, covariances
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Meta-Analysis

® Combine information, usually in the form of
summary statistics, from independent studies

o effect size: difference between the means,
correlation coefficients, and regression slopes.
Alt: model parameters

® reporting bias problem: neutral or negative results
are less likely to be published than positive results
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Combmmg data

Practice, pitfalls, and opportunities

u=f(x[6)

?1)"’91(”‘/51) ]
Y2~92.(ﬂ|¢2) _

71\:"’9'1«(lu|fl'>k) ]

A A
A
A A
N A
R o
o
A,
o ¢, 4
gt 40
A
2 . A
A
| | | | | |
0.0 0.5 1.0 15 2.0 25 3.0




for(i in 1:2) { betali] ~ dnorm(0,0.001)}
sigma ~ dgamma(1,1)
for(i in 1:n){

muli] <- beta[1] + beta[2]*X]i]

YT[i] ~ dnorm(mu[i],sigma)A




for(l in 1 2) { beta[l] ~ dnorm(O O 001)}
sigmal ~ dgamma(1,1)
for(i in T:n1){

mull[i] <- beta[1] + beta[2]*X1][i]

Y1[i] ~ dnorm(muT][i],sigmaT)

]

sigma2 ~ dgamma(1,1)

for(i in 1:n2){
mu?2[i] <- beta[1] + beta[ZKXZ[i]
Y2[i] ~ dnorm(muZ2li],sigma2) @
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) . Non-zero ECA observations
Log-linear Regression A > 0

Logistic Regression
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Unequal sizes

e Common when combining manual & automated data
® Subset of sources dominates likelihood
® Ad hoc sol’n in the literature

® |ikelihood reweighting  Invalid

® Data subsampling

Loss of Info, Arbitrary
® Data averaging

Avoid Double Dipping




| t Uncertainty
Appropriately!

® Autocorrelation
® time (inc. repeated measures)
® space

® Random effects
® n=1 sensor? Bias

® Systematic error  Does not average out!




PSEUDODATA EXPERIMENTS

work w/ David Cameron (in prep)
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MODEL ERROR, UNBALANCED DATA

vegetative carbon (Cv)
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WHAT |F
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DATA BIAS
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Fit Param

PM, Balanced, multiplicative data bias \/

PM, Unbalanced, MB data

Model error, Unbalanced, MB data



MODEL ERROR
UNBALANCED DATA W/
MULTIPLICATIVE BIAS

vegetative carbon (Cv)
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WHAT |IF TH DATA BIASES

Fit Param

PM, Balanced, multiplicative data bias J

RE AR

PM, Unbalanced, MB data

Model error, Unbalanced, MB data

CAN WE CORRECT BIAS W/ STATS?

ME, Unbalanced, linear model J

PM, Unbalanced, MB data, linear model \/

ME, Unbalanced, MB data, linear model \/



Observed / predicted values

Observed / predicted values
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UNBALANC

L
U

DATA: TAKE HOMES

More than Information content,
issue is errors & biases in models and data

Perfect models can fit unbalanced data

Building bias correction into calibration can lead to
acceptable performance, but not the "true’ parameters



Combmmg ACross

space. and time
Y1

%HM

L

e Straightforward extension of state-space

e \What if data are from different scales?
® Scale the process model

® Aggregate the data model




Integrated Observations

Yt+At

Zt' 1 Zt Zt+1 Zt+2 Zt+3

® Option 1: work at the finer resolution
® Pro: full info of hi res

e Con: computation, identifiability




Integrated Observations

Yt+At

1

—a

Zt Zt+1 Zt+2 Zt+3

® Option 2: work at the coarser resolution
® Pro: computation

® Con: loss of information
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FIGURE 10.20. Standardized mortality ratios for thirtv-nine wards in Birmingham,
Lngland, calculated as obscrved versus expected cases (left), and posterior median rel-
ative risk yis) {(righti. From Kelsall and Wakcheld (2002,
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Bivariate misalignment

Ozone measurements at fixed sites; counts of pediatric
asthma cases by zip code in Atlanta, GA:
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SCALING "GOTCHAS”

Naive regridding/interpolations
Artificially inflates sample size / information content
lgnores uncertainties

Fit all at once

Fit piecewise -> errors in variables



