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Abstract. Explaining the outcome of dynamic systems is non-trivial
due to the temporal nature and correlation of the input variables. In
this work, we propose a framework of history-aware sensitivity analysis
for stationary time-series to quantify different memory effects and clar-
ify their roles. For this purpose, we decompose the output time series
into non-correlated components, namely the instantaneous component
and the memory components. The latter are sorted in decreasing or-
der of variance to reflect the importance of the variables. We highlight
the compensation phenomena between the resulting components and il-
lustrate them in the case of independent variables in a linear setting.
To enable history-aware explanations, variance-based sensitivity indices
are derived from the obtained decomposition. We demonstrate the ef-
fectiveness of our methodology in providing insights to explain output
time-series in both synthetic and real-world cases.

Keywords: Sensitivity analysis - Time Series - Explainability.

1 Introduction

Large amounts of historical data are collected to monitor complex dynamic sys-
tems, especially in industry and other mission-critical applications, such as in
nuclear industry, finance, manufacturing, etc. Numerical models have been ex-
tensively used to mimic the behaviour of these systems, notably thanks to the
success of black-box models such as Gaussian processes [20,21] and deep learning
models [14]. Explaining a system’s outcome or their surrogates based on the in-
put variables is a crucial need; detecting the most influential variables improves
the understanding of the system and its dynamic and, moreover, allows effec-
tive maintenance policies and facilitate the compliance with current legislation
such as General Data Protection Regulation (GDPR) or regulations to ensure
nuclear safety. To this end, rich frameworks, including uncertainty quantifica-
tion (UQ), explainable AT (XAI), and Sensitivity analysis (SA) among others,
have been developed in the last two decades to tackle this problematic and build
confidence.
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In practice, performing such techniques to assess variables importance for
dynamic models is a non-trivial task and requires a history-aware methodology
[1] due to the functional nature of the variables and the response, the temporal
correlation of the inputs (for example, the presence of a daily periodicity in
the data), or lag or delay effects (ie. the fact that the impact of an event at a
time ¢ is observed at a time ¢ + 7 for a non-negligible response time 7) which
is frequent in economic, medical, and environmental data, etc. In this paper, we
assume that we are provided with a sample of input multivariate time series and
the corresponding sample of outputs. We aim at explaining the latter based on
the input variables by quantifying different memory effects of their underlying
dynamics, notably, the instantaneous and the linear memory effects.

To extract meaningful knowledge, SA studies how inputs uncertainties are at-
tributed to the uncertainty observed on the output of a model [22]. In particular,
the framework of variance-based SA [3] and the so-called Sobol indices [23,24]
allow to decompose the output’s variance into different parts and attribute each
one to individual (or combined) input variances. For multivariate or time depen-
dent models, performing SA on separate scalar outputs, using univariate Sobol
indices for instance, can provide some information on the evolution of the sensi-
tivity over time. This approach, however, introduces redundancy and may miss
some dynamic features. To overcome this, a framework is introduced in [13] that
consists in extracting orthogonal features and then performing SA on the most
informative components individually; for each component, a global sensitivity
index can be derived. In a more general setting, in [6], new generalized Sobol
indices are constructed for multivariate or functional outputs with an updated
pick and freeze estimators. Building on this, [1] focused on the study of global
SA for time dependent models of the form Y; = f(X,t); to improve computa-
tional efficiency and avoid redundancy, a combination of Polynomial chaos [§]
and Karhunen-Loeve expansions (see for eg. Karhunen (1947) and Loeve (1948))
is used to approximate the output and deduce generalized Sobol indices as in [6]
and their equivalence to the work of [13] is proven. Finally, in the context of
dependent variables, [25] alleviates the assumption of independence of variables
by using copulas [18] and proposes a method for both time dependent models
Y; = f(X,t) and models defined by means of stochastic process Y; = f(X).

Our work is also related to HOFD (hierarchically orthogonal functional de-
composition) introduced in [4] to generalize the Hoeffding-Sobol decomposition
in case of dependent variables and mGS-PCE (modified Gram-Schmidt based
polynomial chaos expansion) proposed in [17]. Both methods are iterative and
leverage the ability of the Gram-Schmidt process to handle dependency and
correlation between variables. In our case, this process is used to handle, as a
first step, the temporal correlation between the instantaneous variables and the
memory components, and, as a second step, to handle correlation among the
memory components.

Given the limitations of the aforementioned methods on outputs of the form
Y: = f(Xs, s <t), we propose a methodology to perform a quantitative variance-
based SA in attempt to make a step towards a generalization of the above men-
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tioned framework to time-series. Our approach consists in decomposing the out-
put time-series into a sum of an instantaneous component, a lag component, and
a residual component; the purpose of the first two components is to quantify and
clarify the roles of the memory effects of the inputs on the output. The com-
ponents are constructed in a specific order to ensure an orthogonality property
and avoid redundancy between variables in case of dependency. To do so, we
apply a Gram-Schmidt process to make the variables orthogonal to the already
captured effects. Although this construction holds under weak assumptions (for
example, it does not require independence), in this work, we restrict ourselves to
second-order stationary processes for two main reasons: first, the ability to use
sample covariance and variance estimators, and, second, the constant variance
under this assumption reflects in a global fashion the behaviour of the result-
ing components. We evaluate the ability of our method to approximate the true
quantities on a toy example and, then, show its performance on a synthetic con-
trolled case and real-world cases where the stationarity and the independence
assumptions do not necessarily apply. The source code of the experiments will
be made available on GitHub later.
Our contributions are summarized as follows:

— we propose a two-stage approach to quantify memory effects;

— we distinguish the instantaneous effects from the lag effects and attribute to
each one a component to reflect the captured dynamic;

— based on the modelled components, we derive simple variance-based indices
to measure history-aware variables importance and provide useful post-hoc
global explanations.

2 Proposed approach

We consider the scenario where the response variable Y is a function indexed by
the time ¢ with values in ) C R. This function is assumed to be the output of
a function f depending on the history of D > 1 observed variables gathered in
X = (X',..., XP) such that:

VteN, Y, = f((Xs)s<t,€), (1)

where € is an error component (to model observation errors or the fact that ¥
may also depend on additional but not observed variables for instance). In this
work, we make the assumption of second-order stationarity. In particular, under
this assumption, the mean and the variance of our processes remain constant,
and the covariance function does not depend on the time origin. Without loss of
generality, the means are assumed to be zero. In practice, the underlying model
f is unknown and we are only provided with a sample of N > 1 input-output
pairs, noted D = {(zo,¥0),---, (TNn—1,yn—1)} so that for each 0 < ¢t < N — 1,
(z¢,y¢) € RP x ) is the available observation of (X;,Y;). This set is also assumed
regularly-sampled.
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Given the output Y;, we seek a decomposition of the form:
)/;: — }/tinst @ Ytlag @ }/trcs’ (2)
where

— Y™t is the instantaneous component, ie. a function of the instantaneous
input X; = (X},...,XP),

— Y;lag is the linear memory component, ie. a linear function of lagged vari-
ables X 1.4k = (X} 1.4 s>+ s XP 1.4 ) where for each 1 < d < D, the
notation refers to the vector gathering the observations of X< between t — K
and t — 1 in decreasing order of time,

— Y[ is a residual that takes into account non-linear memory effects, unob-

served variables, noise, etc,

@ denotes an orthogonal sum when considering covariance as inner product.

The memory term Ytlag is also decomposed as a sum of D orthogonal com-
ponents:
v*=Y'o -ovp, (3)

such that each component Y quantifies the effects of the d-th variable that
cannot be captured by the other components.

To achieve this second decomposition, we propose to proceed iteratively to
ensure the orthogonality property, by constructing the instantaneous component
first, then, transforming suitably the lagged variables to eliminate the effects
already quantified. Inevitably, this strategy imposes an order between variables.
However, this order will lead to a hierarchy between variables that reflects their
importance; we propose then to sort them in a decreasing order of variances.

2.1 Memory effects quantification

Instantaneous component. The aim of the instantaneous component Ynst
is to capture the information carried by the instantaneous variables that are in
X;. A large variety of models, from linear models to complex neural networks
tailored for time-series, can be used to approach the output Y; depending on the
complexity of the data. Here, we impose a polynomial form to Y,st:

P,
Vit =% B0 (X), (4)
p

where 3 := (B, ..., Bp,) is the model’s parameter, (X;) := (Y1(Xy),..., v (Xy))
is the vector gathering polynomial functions of the instantaneous variables, where

the total order is less than or equal to a specified degree r, and P, = (D 5‘ T) -1
is the number of polynomial terms. We choose orthogonal polynomials: if we
denote m(X;) = (m*(Xy),...,m(X;)) the vector of monomials, and L the
triangular matrix resulting from the Cholesky decomposition of the covariance

matrix of m(X;), we have that ¥(X;) is the solution of:
Lip(Xy) = m(Xy). (5)
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In case of independent variables, using the former normalization of 1)(X}), ob-
taining  is straightforward by projection:

B = Cov(p(Xy), Y1) (6)

Lag component. Lag effects cannot be extracted based on raw variables since
this will induce redundancy and will not result in the sought orthogonality prop-
erty. To this end, we transform the variables (X!,..., XP) into (X',...,XP)
iteratively: each input variable is made orthogonal to the instantaneous compo-
nent and to the already fitted components using the Gram-Schmidt procedure.
The lag components are chosen as distributed lag models [7]:

Kqg
vd € {17"'5D}a Ytlang:ZHgXtd—s? (7)
s=1
where HY = (H{, ..., Hf(d) is a vector parameter called lag weights or filter, K4

is the window size (for simplicity, we consider in the following that all variables
have the same size, ie. for all d, Ky = K for K > 1), and the transformed
variables are constructed following the sequence:

vt . yd
Xt—s '_ths

1 . )
_ _ C Xd , Ymst Ymst
Var(}/tmst) OV( t—s t ) t (8)

d—1 1 ) )
_ Z WCOV(X,?,S, Y;lag,Z)}/tlagﬂ'
i—1 Var(Yt & )

We assume that input variables are sorted in decreasing order of variances of
the lag models, ie. Var(Y;}*®!) > ... > Var(V;**). Analogically to the instan-
taneous parameter estimation, if the input variables are assumed independent,
the filters can be obtained by projection:

Var(nglzth)Hd = COV(X;iitlzthvE) 9)

We propose in section 2.4 to estimate them by least squares to handle the case
of dependent variables.

2.2 Variance-based time series explainability

The orthogonality obtained by construction ensures that
Var(V;) = Var(Y,™") 4 Var(Y,*) + Var(Y;). (10)

In case of independent inputs, the Hoeffding-Sobol [10,23] decomposition can
be applied to decompose the instantaneous variance. Efforts have been made to
propose generalizations of this decomposition to the case of dependent vari-
ables [5,15] or others indices [9,16, 19] based on tools from game theory such
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as the Shapley values. As the focus of this work is on separating the instanta-
neous and lag contributions, we restrict ourselves to the computation of the total
instantaneous index defined as:

ins Var (Y, "st)
inst = t 11
g 1= S, (11)
the total lag index defined as:
Var(Y,#)
Slag = L2 12
v (12)
and the individual lag index of variable d as:
Ylag,d
S(liag — M. (13)

Var(Y;"#)

The indices defined above benefit from different properties. They are constant
in case of stationarity, positive thanks to the positivity of the variance, and
the individual lag indices sum to one. Finally, since the lag components are
obtained iteratively, the lag indices should be interpreted according to the order
of variables. For example, the index Silag represents the part of variance explained
by (or the effects of) the variable d without the effects of the same variable
already taken into account in S™* and S} for i < d — 1.

2.3 Instantaneous versus lag compensation phenomena

For a better understanding of the proposed methodology and a better inter-
pretation of the proposed decomposition, we conduct a theoretical analysis on
the linear case, namely, the case where the true output Y; can be written as
Y, = Y, 4 v;01%8 such that:

D D
thyminst _ Z/B;ikXtd and }/t*,lag — ZH*’dTXtd_l:t_Kd (14)
d=1 d=1

and where the variables are Gaussian processes. Considering this setting allows
to conduct a similar reasoning for dependent variables. However, for the sake of
simplicity, we consider independent auto-regressive (AR) models of order 1 for
the statistical properties® of the input vector:

vd € [|1, D[], X' = paX{- | + & where (cf), are drawn i.i.d from N'(0,1 — p3).

t

Under these assumptions, the instantaneous component Y;,¢; defined by equation
(4) with a degree r = 1 is precisely the conditional expectation of ¥; knowing

3 in particular, in our setting, a zero mean, a variance of one and the covariance
between ¢ and t + s being simply p°
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{Xx},...,XP} which can be obtained using the properties of Gaussian condi-
tioning as: .
" =E[V|X{,..., XP] = 87X, (15)
where £ is the solution to (6) and its closed-form is:
K4 b
f= <65§ + H:vdpz) (16)
s=1 d=1

This result highlights the fact that long memory effects can be taken into account
via the temporal correlation of the variables. Thus, the modelled lag effects are
the remaining effects that are not modelled by the instantaneous variable. For
instance, if K (the window memory of filters) is significantly high compared to
the correlation length* 7 of the input processes, the instantaneous component
can hardly capture the information of the filters. In the opposite case where the
correlation length is high, the instantaneous component will be preponderant.

Similarly, we have that the first lag component, defined by (7) and (8), is
the conditional expectation of Y; knowing )N(tlflztf x Which is obtained, again, by
Gaussian conditioning as:

Y;lag’l: [Y{5|Xt b Xk :HlTthflzth’ (17)

such that:

A

vt .
ths T thfs plz B*g

vt and H! = X710y, (18)

where:

K
Cy = Cov(XM ., .Y, (ZH (pli=sl = l+8)> , (19)
s=1

and

- ,t 1— 5*2 7
2= Va‘r(Xt 1:t— K) |:p1 9 - Z L *2p1+j :
k 1<i,j<K

In the univariate case, observe that C'; is the product of >, and H*! (H*’1 , H;}’l),

and thus the lagged model reduces to:
vl = HO TR (21)

In the multivariate case, by taking |p| — 0 for short memory processes or
|p| — 1 for long memory processes, expanding the terms depending of p to the
order 2 allows to observe other compensation phenomena. We refer to section
3.2 for an illustration and numerical results. Finally, the hierarchy between lag
components is obtained by brute force by estimation and comparing all the
variances at each iteration of the procedure.

4 The correlation length 7 is defined as the time step at which the autocorrelation
function drops below 1/e and reflects the memory of the process. For an AR(1)
process of parameter p, we have 7 = —1/log(p).
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2.4 Practical estimation of the model parameters

In practice, only estimators of the covariance and the variance are available
through the sample D and the independence assumption does not always hold.
Hence, assuming that the time-series of our study are second-order stationary,
we replace the covariances and variances with sample covariance and sample
variance. For versatility, 8 is obtained by ordinary least squares:

N-1

B~ B € argminy e, Z (ye — ¥ (xs) Tb)% (22)

t=K

Then, the filters are estimated iteratively by a penalized least squares to handle
notably the case of dependent inputs:

T-1

H'~ H € argminy,epre Y (ye — &1 xh)* + A[VAI3 (23)
t=K
where we remind that ¢ ,, . = (¢ ,,...,2% ;) and Vh is the discrete gra-
dient of h defined by:
Vh=(ho—h1,...,hxg —hg_1). (24)

The objective of this penalization is to avoid ill-posed problems and promote
the smoothness of the filters obtained. Finally, we list the hyper-parameters our
method relies on:

— for each variable d, the lag window K% (responsible for the memory of the
filter),

— the maximum degree r of the instantaneous component (reflects the com-
plexity of the instantaneous model),

— the penalization parameter A to select smooth filters in case of ill-posed
problem.

For their selection, we suggest to perform an expanding window cross-validation®

where the train set is expanding at each step and the size of the validation set
is fixed.

3 Experiments

We illustrate the properties of our method on synthetic data and evaluate its
performance on 3 data sets of different sizes and numbers of variables.

® https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.TimeSeriesSplit.html
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3.1 Setting

For our method to be applied efficiently and be as faithful as possible to the data,
the hyper-parameters need to be carefully selected. For our experiments, the
hyper-parameters are chosen in the following grid based on the cross-validation
procedure mentioned above such that the train and validation sets are separated
by a gap of 100 time steps:

— the lag window K € [10, 25,50, 75, 100] (we impose the same window size for
all variables for simplicity);

— the maximum degree r € [1,2,3,4, 5];

— the penalization parameter A € [0, 1, 10,102,103, 10%], with no penalization
if A =0.

3.2 Synthetic dataset

We consider two toy data sets which we refer to, respectively, as linear case
and general case. The linear case satisfies the assumptions made in 2.3 and
allows to recover numerically the closed-forms of the filters to study empirically
the convergence of the estimators. Compared to the linear case, the general
case consists of a non-linear short memory component in addition to a linear
memory component, which allows to observe the behaviour of the method facing
non-linearity. In all cases, the three variables are AR(1) processes. We consider in
the linear case two scenarios: short correlation inputs such that the autoregressive
parameters pi, pa, p3 are chosen randomly in [0.69, 0.695] and long correlation
inputs such that p1, p2, p3 are chosen in [0.95, 0.955] to obtain correlation lengths
raging approximatively around 3 time units in the short correlation case and
around 20 time units in the long correlation case.

Depending on the case, the definition of Y; is:

: Z BiXd+ Z Z H™dX?d in the linear case, (25)
= d=1s=1
P, 5 D K
Y, = Z Z HMYPmP (X, ) + Z Z HimdXd in the general case  (26)
p=1s5=0 d=1s=1

where 8* is chosen in [—1/10,1/10]. The chosen form of the linear filters is:

1
way/1 =5

and the non-linear filters are:

650

way/1 =5

chn’d = Cr,., exp (=650 (g wqt) sin ( t> Lieuxy, (27)

o 1
H, Mo _ —___(C exp (—t)Lse(j0,5))» (28)

wd\/@ Yd,2

where wg, C4, 74,1 and 74,2 (respectively) are chosen randomly in [5-1075,5-1074],
[0.8,0.95], [0,1] and [4-107%,6 - 107%], and C,,, and C.,, are normalizing

Yd,2
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constants such that the integrals of the corresponding filters sum (respectively)
to 4,1 and vg,2. The figure 1 shows the time evolution of the linear filters used
in the linear case while the figure 2 shows the filters that are applied to linear
variables X}, X2 and X} in the general case®. As the inputs X', X2 and X3
have the same amplitudes (their variance is equal to 1), looking at theses filters
informs us about the sensitivity hierarchy, in the sense that, the higher the filter’s
integral for a variable, once normalized by the corresponding correlation length,
the more influence we expect that variable to have on the output. This intuition
is confirmed by the individual lag indices shown on figures 3 and 4 on which
we see that the variable with the most influence on the lag component is X2
followed by X2 and then X! which is the same order implied by the integrals of
linear filters shown on figure 1. Interestingly enough, even if the instantaneous
component is more influential in the long correlation case than in the short
correlation case, figures 3 and 4 show that the individual lag indices report the
same amount of lag importance in both settings. Finally, the pie chart of figure
5 and the filters in figure 2 show that the order of individual lag indices is the
same as the order of integrals of filters that are applied to the linear variables.

0.035 - Hin L (f1im1 = 0,09) 0.08 — H™ gl (fRm gl =0.76)
0.030 — HM2([H"2=039) —— Hm2 4 yn=h2(fHin2 4 gn=i2 = 0,83)
0.025 - —— Hn3([Hn3=0.29) 0.06 1 —— W3 4 yn-t3([gin3 4 =13 = 0 95)

0.020
0.04 A
0.015
0.010 A

0.005

0.000 0.00 -

Fig. 1. Linear filters that are applied to lin- Fig. 2. Filters that are applied to linear
ear variables in the linear case. variables in the general case.

For each linear scenario, we fit our method on a subset of size N and vary N
from 200 to 100000. We save the estimated filters and record the RMSE (root
mean squared error) of the estimators over 25 iterations. Since we are interested
in assessing the convergence, the filters saved are the filters obtained at the first
iteration after fitting the instantaneous model, ie. the filters of all variables are
estimated as if the latter were the first ordered variable. The figures 6.(A) and
7.(A) show the estimated filters averaged and their 95% confidence intervals
for N = 100000. We observe that the estimated filters in the short correlation

5 In fact, since the monomials in equation (26) include the instantaneous variables
X}, X2 and X2, a part of the memory of linear variables is carried by the non-linear
filters.
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Fig. 3. Pie charts of indices Fig. 4. Pie charts of indices
in the short correlation set- ip the long correlation set-

ting ting

Fig. 5. Pie charts of indices
in the general setting

scenario of figure 6.(A) are smoother and have reduced confidence intervals com-
pared to the filters obtained in the long correlation setting. Moreover, the figure
6.(B) shows that in the first setting the convergence is quicker than in the setting
of figure 7.(B). Finally, in virtue of the compensation analysis done in section
2.3, figure 6.(C) shows that the lag component is preponderant and control the
global dynamic of the output while in the long correlation setting we observe on
figure 7.(C) the tendency of the instantaneous component to be in advance and
the role of the lag component in capturing the delay effects and correcting the
former component.

In the general case, we perform as in the linear setting 25 repetitions and vary
N between 200 and 10000. The autoregressive parameters pi, p2 and ps are taken
in [0.79,0.795]. Since non-linearities are involved, a closed-form for the filters is
not available; we propose then to record the R2-score and the variances obtained
to assess the convergence of the method in this case. The figure 8.(A) shows the
estimated filters along with the linear filters. Here, the best lag window selected
is 25. We observe that the estimators recover the shape of the linear filters
without being equal because of the compensation phenomena. We observe also
on figure 8.(B) that the instantaneous component is in advance compared to
the lag component. Finally, figures 8.(C) and 8.(D) illustrate the convergence
of variances and the R2 scores. We expectedly observe in particular that we do
not recover the total variance, nor an R2-score equal to 1 which is explained by
the fact that: 1)method’s parameters and filters are estimated through a least
squares instead of a projection approach, and, 2) the best penalization parameter
selected is not zero.

3.3 Real applications datasets

In this section, we apply our methodology to real-world data sets to detect the
lag effects and quantify to how much extent they allow a better explanation of
the output.

We consider three data sets:
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(A) Estimated filters for N=100000 (A) Estimated filters for N=100000
0.040 0.040
(e (At =
0,035 — F*([H=0.08) 0,035 A (JA=0.03)
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0.020 7 ([A = 0.26) 0020 — B ([H=011)
0.015 - H3([H?=0.26) 0.015 e H([H?=011)
0.010 0.010
0.005 0.005
0.000 R e e e 0.000 - e vy
-0.005 -0.005
0 20 40 60 80 100 4 20 40 60 80 100
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(B) Estimators convergence against the size of data (B) Estimators convergence against the size of data
107t
18 - Bl 18-l
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(C) True output reconstruction and the instantaneous and the lag components  (C) True output reconstruction and the instantaneous and the lag components
0.4 — ———
virst 4 yinst 06 vinst 4 yinst
02 yinst yist
0.4
. yr’dg . y{ag
0.0 02
0.0
-0.2
-0.2
0.4 Yy
' -0.4
Y

Fig. 6. Short correlation experiments visu- Fig. 7. Long correlation experiments visu-
alization. alization.

— AirQuality” is a data set provided by UCI Machine Learning repository [12]
that has been first introduced in [26]. It consists of hourly measured pol-
lutants data in addition to meteorological data with the same time sam-
pling for different stations across multiple sites in Beijing. In our work, we
only focus on one station. Data was split into two sets of size 3000: a train
set between March and September 2013 and a test set between March and
September 2014. We select 03 (Ozone concentration) as the target variable
to explain based on six variables: NO2 (nitrogen dioxide concentration), CO
(carbon monoxide), TEMP (temperature), PRES (pressure), DEWP (dew point
temperature) and WSPM (wind speed).

— GEFCom20128 is a data set introduced in [11] of hourly measured wind
power production with weather forecasting variables for different wind farms.
We select data from one farm (chosen arbitrarily) as follows: the first 4414

" https://archive.ics.uci.edu/dataset/501/beijing+multi+site+air+quality+data
® http://blog.drhongtao.com/2016/07/gefcom2012-1oad-forecasting-data.html
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(A) Estimated filters for N = 10000 (B) True output reconstruction and the instantaneous and the lag components
0.08 — R ([*=077) —- Yt (true)
. . 209 __ yinst 4 ylag
P ([H?=072) t t
X inst
0.06 — A (ffr=o070) | ? K

.

0 5 10 15 20 25 0 20 40 60 80 100 120 140

(C) Variance evolution against the size of the train set (D) R2-score evolution against the size of the train set
10 1.00
0.98
0.8
0.96
06 /'\/\/’_/ 0.94
0.92
0.4
--- True 0.90
02 —— Inst + Lag
: Inst 0.88
—— lag —— R2 Train
00 —— Res 0.86 R2 Test
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000

Fig. 8. general synthetic experiments visualization.

time steps are selected as the training set and the last 4414 as the test set.
The target is the wind power production; we study the influence of four
weather variables: ws (wind speed), wd (wind direction), u (the zonal wind
component) and v (the meridional wind component).

— WindPower is a data set with a higher resolution than the other data sets
(every 10 min). The train and test sets are of size 30000. We focus in this
work on quantifying the potential delay observed on the power production
of a wind farm (target) taking into account the wind speed, its direction and
the temperature. In other words, we ask ourselves to how much extent the
wind starting blowing at a time ¢ is responsible for the rotation of the wind
turbine (and thus the production) at the time ¢ + h where h can be seen as
the duration the turbine takes to start. Data is available upon request and
we refer to [2] for extensive details.

In our experiments, since only a small subset of values is missing for the
AirQuality and WindPower data sets, a linear interpolation is performed to
impute them. Train and test sets are selected so that they have the same dis-
tribution and the stationary property is relatively fulfilled (the study of non-
stationary time series being left for future work). Data are standardized and the
best hyper-parameters are selected as explained in section 3.1. We use the R2-
score to assess the validity of our model and report the recorded scores in table
1 on which we read that the model produces good results in reconstructing the
output and to predict new data. We compute for each dataset the total indices
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and the individual lag indices defined in section 2.2 and visualize them in the
pie charts of figures 9, 10 and 11.

gres

Fig. 9. Pie charts of indices Fig.10. Pie charts of in- Fig.11. Pie charts of in-
for AirQuality dices for GEFCom dices for WindPower

Table 1. Predictive performance metrics.

Rgest R‘?rain Ri2nst R12ag
AirQuality 0.72 0.79 0.59 0.2
GEFCom 0.73 0.77 0.73 0.05
WindPower 0.95 0.97 0.97 0.00

We observe that the instantaneous effects are responsible for a substantial
part in explaining the output time-series in the three application cases; the lag
effects have an influence on the output in the AirQuality and GEFCom cases and
no influence for WindPower data. These results are consistent with the R2-scores
of table 1. We notice in particular that the lag component helps improving the
results obtained by the instantaneous component of around 34% gain from R2
to B2, for AirQuality data for example and in a lesser extent on GEFCom
data. For WindPower data however, taking into account the lag effects does not
improve (nor deteriorate) the performance of the instantaneous model since the
latter captures all the required effects to model the target variable. Finally, we
take the example of AirQuality to illustrate the decomposition of lag effects and
attribute to each part an influence on the ozone concentration. In this case, the
lag effects are due up to 76.7% to the temperature (TEMP) and up to 13.4%
to the dew point temperature (DEWP). These two variables are known to be
related for instance to solar radiation and humidity which seem to have an effect

on the ozone production®.

9 see for eg. https://www.epa.gov/air-trends/trends-ozone-adjusted-weather-conditions
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4 Conclusion and future work

This work proposes a methodology for history-aware sensitivity analysis based
on a decomposition of the output time series into three non-correlated compo-
nents: an instantaneous component, a lag component, and a residual component.
This approach provides insights and clarifies the roles of memory effects of the
input variables. Our experiments demonstrate the efficiency of our method and
its ability to provide plausible explanations in both synthetic and real cases.
Future work will focus on enhancing the interpretability of the memory compo-
nent in presence of dependent variables and extending the framework to handle
non-stationary and irregularly-sampled time series (for instance, handling the
dependency to the seasons, manage measurement noise and missing data, etc).
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