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Contingency table

Data availability

1990 | 1991 | 1992 2017 41% S 59%
Site 6 100 0 n.a. 500 available not available
Site 10 n.a. n.a. 59 96
Covariates Distribution & outliers
Qutliers and 0's excluded
e Covariate that depend on the site e.g.: 500 - Whole dataset
o Longitude and latitude > B
400 - © 4000
o Area 2000~ [l
> | T . B2 1 52 9 i
O Distance to town and coasts §300 ’ 0 50000 100000 150000
. (€ t
e Covariate that depend on the year gzoo- ST T
o Temperature anomalies oo
e Covariates depending on both e.g.:
o Rainfall 0mm| | . . i}
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o Agricultural indicators Count 6



LU"XEMBURG o MRS

" 3
CZ CH REPUWQ«\ UKRAINE -
COTES- EURE ., Paris . Vnenn""' ~SLOV; f’k B
DARMOR AUBE ,;"! . é‘ﬁ 5 N RosTov. J
e Munich g A “" U apef # MOLDOVA g
FRANCE /Z2ud; " 7 HUNGARY & %% 3 _Odessa

A" & ROMANIA [Eaw
m‘x \’ P
Bi

ALESSANDRIA

W
ey, g

AVEVRON(

«.\

] 4 ,Bucharest o
: . p Marseille A ITALY ..
oS 'ALA\?‘A ,"'ARIEGE
~Barcelona FROSINQNE 3 _d’” i)
PORTUGAL,/ Madlid A N s T Ankara
len; AIN BALEARES CAGLIARI CROTENE

7 TU!}KEY 5
e

SYR

g SAGRIGENTOi N T ’ / 7L X
S CYP S
® »® $ TUN| R”

’
\
IA ¢
;

L &9 g0 'lé q et S LEBAN_QN s Bagt
) LA e °s o° § / TelAvi, f{\Amman 5. IRA
o “),,) ® o0 ‘.‘\ Alexandria ISRAEL
SR 5 ) Cai J
: o S ALGERIA 3 o : ®
e 0 & : i
3 Q0 ¢ R : EGYPT
WEST/E":!N ‘v‘_--\\\ '.\‘ E ' Medina
SAHAR’A ! : e E !
A ‘a Pl By D" i, i
- "-MAURH'ANIA:.‘ l\'\ \ . _:, Jeddahl, Mecca

uAbTUEDM REN CFA

Map of all sites where Eurasian Coot is observed






GLM - Generalized Linear Model

Linear model

Response Covariates

E[Y] = X3
(YX) ~ N(XB,0%1,)

Learnable parameters



GLM - Generalized Linear Model

Linear model Generalized linear model

Response Covariates Response Link function

E[Y] = X E[Y] = g ' (X8)
(YIX) ~ N(XB,0%L)  (Y[X)~D(X,B)

Learnable parameters Covariates Distribution

= D = Pois(¢g"'(XpB)) ¢g=1In

l[' " . = L
— ‘_‘)) maximizes likelihood 10



GLM - Generalized Linear Model

e R packages: gim, gimnet

e Example call:
o Model fitting
o Predictions

model <- glm(formula="Y~X1+X2+X3",
family=poisson(link=1log),
data= scaled df train,
na.action=na.omit)
prediction_glm <- predict.glm(model,newdata=scaled df test,type="response")
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Trim - TRends and Indices for Monitoring data

e Method specifically created to analyze count data from monitoring wildlife

e Produces estimates of annual indices, and trends between these indices

Model 1 Model 2 Model 3
No time-effect Linear trend Effects for each time-point
/n(p_i,.) = O, /n(py.) = o, +Px(G-1) /n'(pzj) =0; Y,
With @, the effect for site i Implies a constant increase With 7, the effect for time

e Time parameters: same for each site

e Covariates: create clusters of sites to improve our model 12



Trim - TRends and Indices for Monitoring data

e Which model to use:

o Model 1 oversimplifies the problem
o Model 3 needs one value for each cluster for each year — not feasible for our data

= Model 2 with clusters
e R package: RTrim

e Application example:

cov_trim$cluster = Mclust(delay[,3:6], verbose=FALSE)$classification
result <- trim(cov_trim, count col = "value", site col = "site", year col = "year",
month_col = NULL, covar_cols="cluster", model=2, autodelete=FALSE)
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CA - Correspondence Analysis

Data with 2 categorical variables

Derive expected contingency table:
o Calculate marginal sum
O lej = F,; - Fj
SVD (Singular Value Decomposition)

Expected prob.

Distance Correlation

Observed prob.
I

(N f; 2
Xaist = Z Z ijfij ) = N
|

Total sum

Expected Contingency table
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CA - Correspondence Analysis

e 2 categorical variables ‘Site’ & ‘Year’

1990 | 1991 | 1992 2017
e R package ‘missMDA' Site 6 100 o] nal| . 500
Site 10 n.a. n.a. 59 96

e Hyperparameter ncp
o K-Fold cross-validation
o Better be small

imputeCA(X, ncp = KFold(), threshold = 1e-08, maxiter = 1000)
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Lori - Low-Rank Interaction Contingency

e Specifically for imputation of contingency matrices
e Incorporates additional knowledge using covariates

o Row Column  Interaction
Estimation covariates covariates Matrix
’ Kl K2
* % * * * * .
X5 =u"+ E Rirog + E Caff + 07 rank(©*) <min(n —1,p—1)
Offset Site effects Year effects

X} = argminger{ — E[Y;;]o + exp(z) }

e Regularization:
o Nuclear norm for interaction matrix
o L1 norm for site and year effects 16



Lori - Low-Rank Interaction Contingency

e R package: lori

e Application example:
o Find regularization parameters by cross validation
o Predictions

reg <- cv.lori(Y, cov=covariates, N=10, thresh=1e-05, maxit=100,
rank.max=5)

result <- lori(Y, cov=covariates, lambdal = reg$lambdal,
lambda2 = reg$lambda2, reff=TRUE, ceff=TRUE)
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Imputation Quality

1.

Sample multiple subsets by removing certain percentage of available data
Fit methods on remaining data

Predict bird count for removed data

Calculate error metrics on removed data

Compare to baseline model
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Imputation
Quality

Lori and Trim best
performance

Column mean performs
rather good

Several outliers

6e+07 =

4e+07 -

2e+07 -

0e+00 -

Imputation Error — Removed: 10 %, Total NA: 63.28 %

8
®
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Method
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Imputation
Quality

Lori and Trim best
performance

Worse performance than
10% missing data

GLM has great outliers

6e+07 -

W 4e+07 -

2e+07 -

Oe+00 -

Imputation Error — Removed: 60 %, Total NA: 83.68 %

CA

ColMean

GLM Lori
Method

=
—

'
Trim
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Feature Importance
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Temporal Trend

Lori Trim
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Conclusion
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Eurasian Coot [6]

Successfully imputed data better
than baseline model

Lori and Trim obtained best results

Singled out important covariates
which is useful for ecologists

Determined that population of
Eurasian Coot is increasing
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