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ARTICLE INFO ABSTRACT
Keywords: In an attempt to streamline exploratory data analysis of multidimensional cubes, the Intentional Analytics
Data cube

Model ha been proposed as a way to unite OLAP and analytics by allowing users to indicate their analysis
OLAP intentions and returning cubes enhanced with models. Five intention operators were envisioned to this end;
Imemi‘)_“al analytics model in this work we focus on the predict operator, whose goal is to estimate the missing values of a cube measure
Regression . . . .

starting from known values of the same measure or other measures using different regression models. Although
prediction tasks such as forecasting and imputation are routinary for analysts, the added value of our approach
is (i) to encapsulate them in a declarative, concise, natural language-like syntax; (ii) to automate the selection
of the best measures to be used and the computation of the models, and (iii) to automate the evaluation of
the interest of the models computed. First we propose a syntax and a semantics for predict and discuss how
enhanced cubes are built by (i) predicting the missing values for a measure based on the available information
via one or more models and (ii) highlighting the most interesting prediction. Then we test the operator
implementation, proving that its performance is in line with the interactivity requirement of OLAP session
and that accurate predictions can be returned.

1. Introduction analytics [9]. The IAM approach relies on two pillars: (i) users explore

a cube by expressing their analysis intentions rather than by asking

In the past ten years, there has been a lot of interest in exploratory
data analysis, the notoriously time-consuming process of interactively
studying datasets to obtain insights [1]. Imagine having to investigate a
multidimensional dataset as a data enthusiast with basic SQL and pro-
gramming skills. Generating meaningful insights necessitates sending
several queries for data profiling, hypothesis formulation, comparison
calculations, etc., in addition to doing numerous statistical tests to
guarantee the significance of insights. Note that these activities are
still complex and tedious even for an expert in machine learning and
OLAP, since they require selecting and trying different algorithms,
tuning them, and quantifying the interest of findings once they have
been obtained [2-5]. Despite the advancements in Al and LLMs, it
is also recognized that applications such as Data Scientist, Analyst,
and GTP-4o can, at the state of the art, support data scientists but
not automatically pilot the extraction of insights [6,7]. Indeed, due to
hallucinations, quantitative errors, and to the need for continuous fact-
checking, their adoption as reliable end-to-end tools for exploratory
data analysis is still limited [8].

In an attempt to effectively support exploratory data analysis of
multidimensional cubes, the Intentional Analytics Model (IAM) has been
proposed as a way to enhance traditional OLAP by coupling it with

* Corresponding author.

queries and (ii) in return they receive, besides multidimensional data,
knowledge insights in the form of models. To achieve (i), five intention
operators were proposed, namely, describe (describes one or more
cube measures at some aggregation level), assess (judges one or more
cube measures with reference to some benchmark), explain (reveals
the reason behind the values of a measure, for instance by correlating
it with other measures), predict (shows data not in the original cube,
derived for instance with regression), and suggest (shows data similar
to those the current user, or similar users, have been interested in).
Remarkably, all these operators share a natural language-like syntax
aimed at hiding most technical details, so as to make the complexity
of explorative data analysis transparent to inexperienced users while
still allowing skilled users to steer the analysis process. As to (ii),
IAM operates on enhanced cubes, i.e., multidimensional cubes coupled
with highlights consisting of most interesting components of models
automatically extracted from cubes; the interest of a component is
computed based, for instance, on how novel and surprising it is to the
user, or on how well it can replicate the values of a measure.

Among the five intention operators, describe, assess, and explain
have been investigated in previous papers [10-12]. In this paper we
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Fig. 1. Conceptual schemata for the CAPTURE and METEO cubes (for sim-
plicity, each week is conventionally associated with a single month).

enrich the IAM picture by focusing on the predict operator. The goal
of prediction is to make informed guesses about unknown outcomes or
events using data, models, and algorithms. In the IAM scenario, this
means estimating missing values of a cube measure m (called target
measure) starting from known values of the same measure or other
measures (inspected measures), possibly also taking into account one or
more related cubes.

Example 1. Let a CAPTURE cube be given, whose multidimensional
schema is shown in Fig. 1. This cube describes the captures of the brown
marmorated stink bug (Halyomorpha halys), one of the main insect pest
species causing economic damages to agricultural assets, in different
weeks, traps, and crops. Weeks can be aggregated into months and
years; traps can be aggregated based on the province and region where
they are located. Captures are characterized by the age of the insects, so
the cube contains four measures: the amount of captured adults, large
instars, and small instars as well as the total captures (which should
correspond to the sum of the other measures). On September 1st 2024,
within the IAM framework, the user formulates the following intention
based on the predict operator:

with CAPTURE predict adults by week, province
for month between ‘May 2024’ and ‘September 2024’

using univariateTS

where adults is the target measure and all the other measures of
CAPTURE are inspected to be used for prediction. Note that, since the
temporal horizon of the intention spans four weeks in the future, this
is a case of forecasting (the between predicate includes the extremes).
Besides, the user requires to use a specific model type (univariate time
series) to build the prediction. Fig. 2 sketches the IAM approach and
the enhanced cube resulting from this intention. In the enhanced cube,
the cube data are coupled with a model that encodes a prediction of
the number of insects captured by traps scattered in the territory. The
model includes two components for two different provinces; of these,
Bologna (BO) is the highlight, i.e., the one yielding maximum interest.
Intuitively, the interest of a component measures to what extent a
variation in the target measure (adults in this case) is predictable from
the inspected measures via that component.

Note that the using clause is the key to specify the models to
be computed. While in Example 1 the user required to compute only
one specific model (a univariate time series), (s)he could have as well
required models of multiple types by listing them in the using clause,
or even require all model types by omitting the clause (see Section 4.1
for the complete syntax of the predict operator). Remarkably, having
different models automatically computed and evaluated in terms of
their interest relieves the user from the time-wasting effort of coding
and trying different possibilities, with intentions being up to 99%
characters shorter than the necessary implementation of the operator
(as discussed in Section 5.2).

Typical use cases of prediction are:
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» Forecasting, where future values of m are predicted based on what
happened in the past; for instance, the sales of a given product
for the next days can be predicted based on the sales made in the
past by also considering seasonality.

« Imputation, which replaces missing values of m in the past with

estimated values based on the available information; for instance,

the data stream collected from some sensor could have some
interruptions due to a failure, and the missing values could be
predicted based on those of a nearby sensor.

Allocation, where a value of m at some given aggregation level

is allotted at a finer aggregation level; for instance, a budget

prevision defined for a product category could be allocated to the
single products of that category based on the sales actually made
last year.

Different types of regression models can be used to this end:

« regression trees, hierarchical and interpretable models where each
internal node represents a test on a cube level or inspected
measure, each branch represents the outcome of the test, and each
leaf is the value predicted for the target measure [13];

random forests, sets of regression trees trained on different parts
of the same training set, whose predictions are obtained by av-
eraging that of the single regression trees — making them less
interpretable than those of regression trees [14];

models for time series analysis (briefly, from now, time series),
such as those computed by SARIMAX [15] and VARMAX [16],
i.e., models for analyzing temporal sequences of data in order
to make predictions based on recurrent and seasonal patterns
(e.g., by summing up the effects of autoregression and moving
average).

neural networks, networks of artificial neurons linked with con-
nections having different weights; once an input is supplied to
a neural network, the prediction (output) is made by activating
chains of neurons.

Among the different types, in this paper we restrict to regression trees,
random forests, and time series. Regression trees and random forests
are chosen since they return useful information about the importance of
the features used to make the predictions. Time series are chosen since
they are specific for learning autoregression and seasonal patterns. Neu-
ral networks are not considered to avoid using fully black-box models.
As to use cases, in this paper we cover forecasting and imputation,
while allocation is left for future work. Noticeably, all three model
types we selected can be used for both forecasting and imputation.

Example 2. The result of the intention in Example 1 is computed
as follows. First, the subset of facts since May 2024 (for clause) are
selected from the CAPTURE cube (with clause) and aggregated by the
province where the trap is located (by clause). In OLAP terms, a slice-
and-dice and a roll-up operator are applied. Then, as required by the
user’s intention, a univariate times series model with one component
for each province is computed. Finally, a measure of interest that ex-
presses how well the values of adults are predicted by each component
(i.e., for each province) is computed for all the components obtained,
and the one with the highest interest (the highlight, i.e., the component
yielding the most accurate prediction) is shown to the user.

We remark that, although tasks such as forecasting and imputation
are routinary for expert analysts, the added value of our approach is

1. to encapsulate them in a declarative, concise, natural language-
like syntax that can be easily understood by non-expert analysts
as well;

2. to allow different degrees of specification for intentions, so as to
make the operator helpful for a broad range of users: inexperi-
enced users, who can just declare their goals with no worry for
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week province | adults | smalllnstars
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2024-26 RA 294 665
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Fig. 2. The IAM approach.

technical details, and skilled users, who can steer the analysis
process by specifying the model types and measures to be used
for their predictions;

3. to automate the selection of the applicable model types and of
the best measures to be used, the pre-processing phase, and the
computation of models;

4. to automate the evaluation of the interest of the models com-
puted, where the interest of a component essentially measures
how well it can predict the values of the target measure;

5. to put together the cube data, the related models, and the
highlight into a single artifact, the enhanced cube.

The remainder of this paper is structured as follows. In Section 2,
after formalizing multidimensional cubes, we give a new definition of
cube queries to (i) create future facts so as to transparently cope with
forecasting scenarios, and (ii) enable the join between related cubes.
In Section 3 we formalize prediction models and their components in
compliance with the IAM framework, and explain how the interest of
components is evaluated. In Section 4 we define the predict operator
in terms of syntax and semantics, with specific reference to each model
type considered. In Section 5 we present the results of a comprehensive
set of experimental tests aimed to evaluate our approach from the
points of view of time efficiency, writing complexity, and effectiveness.
The paper is completed by Section 6, which discusses the related
literature, and Section 7, where we draw the conclusions.

2. Formalities

To simplify the formalization and without loss of generality, we will
restrict to consider linear hierarchies.’

Definition 1 (Hierarchy and Cube Schema). A hierarchy is a triple h =
(Ly» =5, 2p) where:

(i) L, is a set of categorical levels, each coupled with a domain
Dom(l) including a set of members;
(ii) >, is a roll-up total order of L,; and
(iii) >, is a part-of partial order of J,c;, Dom(l).

The top level of > is called dimension, the bottom level is denoted all,
and has a single member ALL,. The part-of partial order is such that,
for each couple of levels / and /' such that / >, //, for each member
u € Dom(l) there is exactly one member v’ € Dom(l’) such that u >, v’.

1 The presence of branches and diamonds in the hierarchies only affects the
definition of group-by sets and, consequently, the definition of roll-up partial
order and the computation of cube queries; it has no impact within the scope
of this paper since we focus on models that operate at a fixed group-by set,
the one stated in each intention.

Note that, since forecasting is a frequent kind of prediction, we will
conveniently assume that the domain of temporal levels also includes
members representing a set of future dates. Let / be a temporal level
and ¢ a time (for instance, + = NOW); we will denote with Dom; (/)
and Dom,”(l), respectively, the disjoint subsets of Dom(/) preceding and
following (or equal to) ¢ (Dom; (I) U Dom (I) = Dom(l)).

Definition 2 (Cube schema). A cube schema is a couple C = (H, M)
where (i) H is a set of hierarchies; (ii) M is a set of numerical measures,
where each measure m € M is coupled with one aggregation operator
op(m) € {SUM,AVG, ...}.

Example 3. For our working example we will use the CAPTURE and
METEO cubes, whose conceptual schemata are depicted in Fig. 1 using
the DFM [17]. Formally, it is CAPTURE = (H, M) with

H= {hTime’ hTrap’ hCrop};

M = {captures, adults, largelnstars, smallInstars};
week Z7ipe month > year >rime allrime;

trap =y,p province Zqp,, region Zyp,, allyp,,;

Crop =crop allcrop

and op(captures) = op(adults) = op(largelnstars) = op(smalllnstars) =
SUM. In the part-of order of the Time hierarchy it is, for instance,
2024-26 >7ime June 2024 >rin. 2024 >rme ALL. The METEO
cube has three measures, namely temperature, humidity, and cumDe-
greeDays® and two dimensions, namely date and province, with
op(temperature) = op(humidity) = op(cumDegreeDays) = AVG.

Aggregation is the basic mechanism to query cubes, and it is cap-
tured by the following definition of group-by set.

Definition 3 (Group-by Set and Coordinate). Given cube schema C =
(H,M), a group-by set of C is a set of levels, exactly one from each
hierarchy of H. The partial order induced on the set of all group-by
sets of C by the roll-up orders of the hierarchies in H, is denoted with
>y - A coordinate of group-by set G is a tuple of members, one for each
level of G. Given coordinate y of group-by set G, another group-by set
G’ such that G >y G’, and the coordinate y’ of G’ whose members
are related to the corresponding members of y in the part-of orders, we
will say that y roll-ups to y’. Conventionally, each coordinate roll-ups
to itself.

2 The cumulative degree day is a measure of heating or cooling often used
in agriculture. In our scenario, it is computed as Y, ...(aUgouredare Thour) — T),
where T = 12.2° is the minimum temperature at which brown marmorated
stink bugs develop.



M. Francia et al.

Example 4. The top and bottom group-by sets of CAPTURE are
GT = {week, trap, crop} and G' = {alltine, alltap. allgrop}. TWo
more group-by sets of CAPTURE are G! = {week, province, crop}
and G> = {month, region, allg,,,}, where G! >, G2. G' aggre-
gates captures by week, province, and crop, G> by month and region.
Example of coordinates of the two group-by sets are, respectively,
y! = ( 2024-26, BO, corn) and y2 = (June 2024, Emilia-Romagna, ALL),
where y; roll-ups to y,.

The instances of a cube schema are called cubes and are defined as
follows.

Definition 4 (Cube). A cube over C is a triple C = (G, M, wc) where
(i) G is a group-by set of C; (ii) M C M; (iii) w( is a partial function®
that maps the coordinates of G to a numerical value for each measure
me Mc.

Each coordinate y that participates in w, with its associated tuple
of measure values, is called a fact of C. With a slight abuse of notation,
we will write y € C to state that y is a fact of C. The value taken by
measure m in the fact corresponding to y is denoted as y.m. A cube CT
whose group-by set is the top of > (i.e., it is the finest group-by set
of C) and such that M = M, is called a base cube.

The next step is to define cube queries. First of all we distinguish
between temporal and non-temporal queries, where the former have a
temporal level (date, week, month, etc.) in their aggregation while
the latter have allqjpne.* To cope with forecasting scenarios, where
the temporal horizon of the user’s intentions goes beyond the present
day (or, more precisely, the time when the cube was lastly refreshed
by ETL), temporal cube queries must return “future facts” (with all
measures set to null) as well. To this end, we extend the definition
of cube queries as follows, by introducing a parameter ¢ to specify the
moment in time that separates the past from the future. Most commonly
t will be set to the present time, but it could also be set differently to
allow accountability since, as shown by the definition, the query results
depend on 1. In case ¢ is set to some moment in the past, all cube facts
dated after r are replaced with null facts so they can be forecast and
the predictions previously made can be reproduced.

Definition 5 (Cube Query). A query over cube schema C is a triple
q=(G,, P, M) where (i) G,isa group-by set of H; (ii) P, isa (possibly
empty) set of selection predicates each expressed over one level of H
using either a comparison operators (=, >, between, etc.) or the set
inclusion operator (e.g., crop in {‘corn’, ‘wheat’}); (iii) M, .S M. Query
q is called tempordl if G, includes a temporal level /,,,,,, non-temporal
otherwise.’ Let CT be a cube over C. If ¢ is non-temporal, the result of
applying ¢ to CT is a cube C = ¢(C") such that (i) G = G,; (i) M =
M ; (iii) o assigns to each coordinate y € C satisfying the conjunction
of the predicates in P, and to each measure m € M the value
computed by applying op(m) to the values of m for all the coordinates of
CT that roll-up to y. If g is temporal, let 1 be a member of the temporal
level /,,,,,- We denote F =X, \(,,,) Dom(l) % Domy (I,,)- The result
of applying ¢ to CT at time ¢ is the same defined for non-temporal
queries but (i) all the facts whose coordinates for which the member of
Lem, belongs to Dom (1,,,,,) are removed, and (ii) new facts are added
by assigning to each coordinate y € F satisfying the conjunction of the
predicates in P, a null value for each measure in M.

3 This function is partial not only due to cube sparseness, but also because
C does not contain future facts, i.e., facts corresponding to the future dates
included in the domain of temporal levels, Dom;;ow(l).

4 The use we make of the term temporal query in this paper is not strictly
the one made in the literature on temporal query languages and temporal
databases.

5 For simplicity, in this paper we restrict to consider the case where at most
one temporal level is present in the query group-by set; an extension to support
two or more temporal levels in the aggregation mainly requires some minor
adjustments to the syntax of the predict operator (introduced in Section 4.1).
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Fig. 3. Temporal cube queries: cube (top) and result of a temporal query ¢
at time ¢ (bottom). To compute the result of ¢ (in orange), the real facts from
t onwards are replaced with null facts. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this
article.)

Intuitively, as also shown in Fig. 3, if the predicate of ¢ spans a
time interval that follows ¢, the cube C = ¢(C") resulting from the
application of g to base cube CT includes not only past facts (i.e., those
selected and aggregated from CT), but also “future facts” corresponding
to all the possible combinations of members of non-temporal levels of
G, and future times of temporal levels in G,. By choosing 1 = NOW,
this lets us transparently predict future facts in forecasting scenarios.

Example 5. The cube query over CAPTURE used in Example 1
is ¢ = (G, P, M,) where G, = {week, province, allgop}, P, =
{month between ‘June 2024’ and ‘September 2024’}, and M, =
{adults}. Let CAPTURES; be the resulting cube computed on August
30th, 2024; two coordinates of this cube are (2024-26,BO, ALL) with
associated value 70 for adults (past fact) and (2024-39,RA, ALL) with
associated null value for adults (future fact).

To let our predict operator use measures in one or more separate
cubes to predict the target measure (e.g., to use temperature and
humidity for predicting captures), so as to simulate the drill-across
OLAP operator, we give a definition of cube joinability. Intuitively, two
or more cubes are joinable if they share, either completely or partially,
at least one hierarchy. A hierarchy is partially shared between two or
more cubes if (i) at least one of its levels is shared and (ii) the roll-up
orders among the shared levels are not conflicting.

Definition 6 (Hierarchy Sharing). Let hy, h, be two hierarchies in two
different cubes. We denote h; = h, if either h; = h, or

(i) L:thnLhZ;é@and
(i) VLI st.I€LAI' €L, 12, I'&l>, I

In the first case, the shared hierarchy is obviously » = h; = h,. In the
second case, the shared hierarchy 4 includes all and only the levels in
L with their roll-up order.

With a slight abuse of notation, we will overload the intersection
operator in such a way that {h;} n {hy} = {h} when hy ~ h,.

Definition 7 (Joinability and Join). Let Cy, ... ,C, be p cubes over cube

schemata Cy, ..., C,, respectively, be given, with C; = (H;, M;) (all M;’s



M. Francia et al.

region

province

CM
captures
adults
largelnstars
smalllnstars
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Fig. 4. Conceptual schema for the cube resulting from the join of CAPTURE
and METEO.

are assumed to be pairwise disjoint). We say these cubes are joinable
if ﬂl'_’=1 H; # @. The cube resulting from the join between these cubes,
Co = N\!_, C;, has schema

P P
Co = () H, M)
i=1 i=1

Let GT be the finest group-by set of Cy, and ¢; = (G',TRUE, M,)
for i = 1,...,p be the queries that aggregate each cube C; at G'.
The coordinates of C, are the intersection of the coordinates of cubes
q1(C), ... q,(Cp), e, the common coordinates of Cy, ... .C, aggregated
at G'; each coordinate of C, is associated with all the measure values
associated to the corresponding coordinates of the C;’s.

Intuitively, the join C, of two or more joinable cubes features the
intersection of their hierarchies and the union of their measures, so (i)
its group-by set is the finest common group-by set and (ii) its measures
values, for each coordinate, are those of the corresponding coordinates
in the joined cubes.

Example 6. Cubes CAPTURE and METEO partially share the tem-
poral and the spatial hierarchies (see Fig. 1), hence, they are joinable;
their join, CM = CAPTURE A METEO, has measures captures, adults,
..., humidity, cumDegreeDays (see Fig. 4). The finest group-by set
of CM is GT = {week, province}; an example coordinate of CM is
¥ = (2024-26, BO).

Let Cy = /\f:1 C; be the join of p joinable cubes, and let C, be its
cube schema. Then, any query g = (G, P,, M,) over C, can be rewritten
into p queries, ¢y, ..., q,, where ¢; = (G, Py, M, n M) is a query over
the cube schema of C;.° Consistent with Definition 5, the result ¢(Cy)
of applying ¢ to C, is obtained by computing ¢;(C;) for each i and then
associating each coordinate of C, with the measure values associated
to the corresponding coordinates of the C;’s.

3. Enhanced cubes

Models are concise, information-rich knowledge artifacts [18] that
represent relationships hiding in the cube facts. A model is bound to
(i.e., is computed over the levels/measures of) one cube, and is made
of a set of components, each component being related to a subset of
cube facts.

Definition 8 (Model). A model is a tuple M = (type,alg,C,m, In, Out)
where:

(i) type is the model type;
(ii) alg is the algorithm used to compute Our;

6 This is easily proved since, by Example 6, G, is common to all p cubes
and each measure in C, belongs to one of those cubes.
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(iii) C is the cube to which the model is bound (possibly resulting
from a join);

(iv) m is the target measure of C;

(v) In is the set of r inspected measures of C supplied to alg to
compute the model (note that In may include m or not);

(vi) Out is the set of model components, each associated with a tuple
of hyper-parameter/value pairs to be fed to alg.

We distinguish two main categories of models: time-aware and time-
agnostic.

» To compute a time-agnostic model M, alg is applied to C to
predict all missing values of the target measure m; Our is made of
a single component ¢ allowing to predict all such values.

A time-aware model M“* requires that the group-by set G of
C includes a level / from a temporal hierarchy, which we will
call temporal index; thus, it can only be computed on the result
of a temporal query. To compute M**, the target and inspected
measures are pivoted by the levels in G\ {/} so as to generate a set
of time series (one time series 1Sy m, for each coordinate y € G\ {/}
and for each measure m; € {m} U In); then, alg is applied to
predict all missing values in the time series ts, ,, corresponding
to m. Among time-aware models, we further distinguish:

- univariate models, which include a component ¢, for each
coordinate y € G\{!/}; ¢, corresponds to the prediction made
for ts, ,, based on the ts, ,, ’s of the r inspected measures;

— multivariate models, which include a single component ¢ that
predicts the missing values in all ts, ,, based on all the time
series.

Note that, since in our approach a single measure m is predicted at a
time, we do not use multivariate time-agnostic models.

Example 7. Let cube C include the weekly captures grouped by
province (G = {week, province}). Let adults be the target mea-
sure and smalllnstars be the inspected measure. Fig. 5 (top) shows
two slices of C, those related to the provinces of BO (Bologna) and
RA (Ravenna). The bottom part of the same figure shows the same
data after pivoting adults and smalllnstars by province, being week
the temporal index; the result features four (vertical) time series,
one for each province and each measure. In this case, a time-aware
univariate model includes two components, one to predict the miss-
ing values in tspg aquits Pased on fsgo smallinstars» and one to predict
the missing values in tsga aquits Pased On £sga smallinstars- Conversely,
a time-aware multivariate model includes a single component that
predicts the missing values of adults based on all values available.

In the scope of this paper, we consider the following model types:

* Regression tree. In this case, the missing values of the target mea-
sure are predicted using a tree built via a tree regressor [13]. The
models built can be either time-agnostic (type = regressionTree)
or time-aware univariate (ype = timeRegressionTree). The hyper-
parameter space includes, for instance, maxDepth and minSam-
pleLeaf.

Random forest. Here, sets of trees are used for the prediction [14].
Like for regression trees, the models built can be either time-
agnostic (rype = randomForest) or time-aware univariate (fype =
timeRandomForest). The hyper-parameter space of random
forests includes, for instance, maxDepth and minSamplelLeaf of
a single tree as well as the total number of trees (#estimators).
Time series. Here, the missing values of the target measure are
predicted using equations. The models built are time-aware and
can be either univariate (type = univariateTS, obtained for in-
stance by applying the SARIMAX algorithm [15]) or multivariate
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week province | adults | smalllnstars

2024-26 BO 70 168

2024-26 RA 294 665

2024-27 BO — 154

2024-27 RA 245 721

adults smalllnstars

week BO RA BO RA
2024-26 70 294 168 665
2024-27 — 245 154 721

tSBO,adults tSRA,adults

tsBO,smaIIInstars tSRA,smaIIInstars

Fig. 5. Measure pivoting (week is the temporal index; the allc,,, column, whose values are set to ALL, is omitted for simplicity).

(type = multivariateTS, obtained for instance by applying the
VARMAX algorithm [16]). The hyper-parameter spaces of SARI-
MAX and VARMAX include, for instance, the p and g orders for
autoregressive and moving average modules.

All these model types require to train and optimize predictive machine
learning algorithms. As normally done to this end, we consider 80% of
the available (i.e., non-missing) data as the training set used to fit each
algorithm, and the remaining 20% as the test set to verify the goodness
of the prediction. If a temporal level is included in the group by set, we
use it to sort the data and the test set consists of the last 20% of data;
otherwise, the test set is uniformly randomly sampled.

The form taken by components depends on the model type as
follows.

Definition 9 (Component). For type = regressionTree and fype =
timeRegressionTree, a component is a couple ¢; = (y;,d;) where y; i
a coordinate and d; is a tree. For type = randomForest and rype =
timeRandomForest, a component is a couple ¢; = (y;, D;) where y; is
a coordinate and D, is a set of trees. For fype = univariateTS and
type = multivariateTS, a component is a couple ¢; = (y;,¢;) where y;
is a coordinate and e; is an equation that relates m to the inspected
measures in In.

7]

Some further explanations follow:

For a time-agnostic regression tree there is exactly one component
¢ = (y,d), in which y is the (single) coordinate of G and d is a
regression tree where (i) each node is either an inspected measure
or a level in G;j (ii) each arc exiting a node is a Boolean predicate
on that node; and (iii) each leaf is a value predicted for the target
measure.

For a time-aware regression tree, for each component ¢; = (y;, d;),
y; is a coordinate of G \ {/} (/ is the temporal index) and d, is a
regression tree where (i) each node is either an inspected measure
or /; (ii) each arc exiting a node is a Boolean predicate on that
node; (iii) each leaf is a value predicted for the target measure
with reference to the slice ;.

The same holds for random forests, except that each component
includes a set of trees rather than a single tree.

As to univariate time series, for each component ¢; = (y;,¢;), ¥;
is a coordinate of G \ {/} and e; is an equation that relates m to
the inspected measures with reference to slice y;. The form of the
equation depends on the algorithm used (e.g., if the SARIMAX
algorithm is used, the ¢; has five parts: a seasonal one, an autore-
gressive one, an integrated one, a moving average one, and an
exogenous one [15]).

For a multivariate time series there is exactly one component
¢ = (y,e), in which y is the (single) coordinate of G and e is an
equation that relates m and the inspected measures. The form of

the equation depends on the algorithm used. For instance, if the
VARMAX algorithm is used, e; has three parts: an autoregressive
one, a moving average one, and an exogenous one [15]; differ-
ently from SARIMAX, VARMAX is multivariate since it handles
vectors rather than single temporal values.

Note that using the SARIMAX and VARMAX algorithms requires to have
the target measure among the inspected measures (m € In).

As the last step in the IAM approach, cube C is enhanced by
associating it with a set of models bound to C and with a highlight,
i.e., with the most interesting model component(s):

Definition 10 (Enhanced cube). An enhanced cube E is a triple of a cube
C, a set of models {M, ..., M} bound to C, and a highlight

C= {argmax{cleujz‘:1 Ou,j}(interest(ci))}

We evaluate the interest of c;, interest(c;), as the coefficient of de-
termination R2 [19], which measures to what extent the variation in
the target measure m is predictable from the inspected measures via
that component. Specifically, R2 compares how well the component
fits m in comparison with its average value; should the average value
be a better prediction than the component, R2 is negative, in which
case function interest() returns 0, so the interest ranges in a continuous
scale from O to 1. Note that the highlight is defined as a set since, in
case of ties, it includes multiple components (all those with maximum
interest). This perfectly fits the philosophy of our approach since it
can be useful to let users gain a wider insight on the prediction. In
terms of implementation, the model components are stored in a priority
queue sorted by their interest; therefore, the highlight includes the first
component(s) retrieved from this queue.

Example 8. Consider again the cube C shown at the top of Fig. 5.
Here is a list of possible models bound to C:

A time-agnostic regression tree bound to C is

M; = (type = regressionTree, alg = DecisionTreeRegressor,
C,m = adults, I'n = {smallInstars},
Out = {(c, maxDepth = 6,
minSampleLeaf = 10,...)})

where DecisionTreeRegressor is the algorithm implemented in
the scikit-learn library,” ¢ = ((ALL, ALL, ALL),d), d is the tree
shown in Fig. 6, and maxDepth and minSamplelLeaf are among
the hyper-parameters used to compute d. As previously men-
tioned, in this case inner nodes correspond to either measures
(smalllnstars) or levels (province or week).

7 https://scikit-learn.org/stable/modules/generated/sklearn.tree.
DecisionTreeRegressor.html.
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Fig. 6. An excerpt of the time-agnostic regression tree d for Example 8: boxes
are either levels or inspected measures, arcs are predicates, while circles are
the values predicted for the target measure.

Table 1

Interest computed for the components of the models in Example 8.
Model Category Model type Component Interest
My Time-agnostic regressionTree c 0.95
M, Time-aware timeRegressionTree [ 0.67
M, Time-aware timeRegressionTree Casl 0.63
Ms Time-aware univariateTS o 0.98
Ms Time-aware univariateTS [N 0.95

On the other hand, a time-aware univariate regression tree bound
to C, with temporal index week, is (hyper-parameters are omitted
for simplicity)

M, = (type = timeRegressionTree,
alg = DecisionTreeRegressor, C, m = adults,

In = {smallInstars}, Out = {¢;&¢, cpr¢))

where ¢;&° = ((BO, ALL), dgo), cpr’ = ((RA, ALL), dg,), and
dpgo is shown in Fig. 7. As previously mentioned, in this case
inner nodes correspond to either measures (smalllnstars) or to
the temporal index (week).

Finally, a univariate time series bound to C is

M3 = (type = univariateTS, alg = SARIMAX,
C,m = adults, I'n = {adults, smallInstars},

Out = {cgy, gD

where c]’;o = ((BO, ALL), epp) and cl‘{A = ((RA, ALL), egp).
The equations are complex, for simplicity here we just show the
autoregressive part of epn:

P
adults, = f + Z(ai -adults,_;) + ¢,
i=1

where f is a constant value, «; is a numeric coefficient by which
we multiply the lagged data (how much the value at time ¢ — i
affects the value at time 1), lags are summed up to the maximum
shift p, ¢, is called residual and represents the difference between
our prediction for period ¢ and its correct value. « and g are fitted
by SARIMAX, while p is a hyper-parameter.

Table 1 summarizes the components with their interest; if all the
models above were required by the user’s intention, the highlight would
turn out to be cgy in Mj. As normally done in predictive machine
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Fig. 7. An excerpt of the time-aware regression tree dyy of BO for Example
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Fig. 8. Predictions made for BO via M, (top) and M (bottom); the training
sets are shown in solid lines, the test sets in dashed lines (real data in blue,
predicted data in orange), and the model predictions for the missing data in
dotted lines. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

learning, we use 80% of the available data as the training set and the
remaining 20% as the test set. Fig. 8 shows, for component cgq of M,
and Mg, the training and test sets and the prediction for the missing
data.®

4. The predict operator

The predict operator provides an answer to the user asking “how
can I fill the missing values of this measure for my cube?”. The cube is
enhanced by computing models that predict the missing values (which
may entail adding new cube slices for future data), and adding a
highlight on the most interesting prediction. In the remainder of this
section we present the operator syntax and its semantics; then we go
into detail of how each model is trained and used to build a prediction.

8 To make the chart better readable, we included only the last part of the
training set. Finally, the enhanced cube E for this example includes cube C,
the models M,;, M,, and M3, and the highlight cg5.
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4.1. Syntax

As done for cube queries, we distinguish temporal intentions (based
on temporal cube queries) from non-temporal intentions. Let us start with
the latter.

Let ClT, ,CpT be p joinable cubes and C = (H, M) be the schema
of their join. The syntax for predict is (optional parts are in brackets):

with Cir[, ,C;] predict m

by I1,...,1, [for P]

[from mq,....,m,]

[using typeq, ..., type,]
where m € C is the target measure; P is a set of selection predicates,
each expressed on one level of H; {/y,...,1,} is a group-by set of
H; myq,...,m, are the inspected measures; rype; € {regressionTree,
timeRegressionTree, randomForest, timeRandomForest, univariateTS,

multivariateTS} is a model type. The different clauses take the follow-
ing roles:

The with clause specifies the cubes(s) on which the intention is
executed.

The target clause specifies the target measure.

The by clause specifies how the cube(s) must be aggregated.
The for clause specifies a selection on the cubes(s).

The from clause specifies the inspected measures (possibly includ-
ing also m).

The using clause specifies which model types are to be computed.

Note that the members mentioned in a predicate on level / within the
for clause must be part of Dom(l).°

The syntax for a temporal intention is the same as above, except
that the by clause must include one temporal level / and that an
optional clause may be added:

temp

[as of 7]

where ¢ is a member of /,,,, to specify the time to be used for
separating the future from the past. In a temporal intention, the for
clause must include a predicate to delimit the members of / (as done,
for instance, in the intention of Example 1).

Partially-specified intentions are interpreted as follows:

temp

- If the from clause is not specified, models are created for all
measures in M including m.

« If the using clause is not specified, all model types are considered
(except time-aware models in case of a non-temporal query).

« If the as of clause is not specified, 7 is set to the current time.

Example 9.
Example 1,

Examples of predict intentions are, besides the one in

with CAPTURE predict captures by province, crop
for region = ‘Emilia — Romagna’
from captures, adults
with CAPTURE, METEO predict adults by month, region
for month between ‘May 2022’ and ‘September 2024’
using regressionTree as of ‘August 2024’
The first one is a non-temporal intention that imputes the missing

values of captures for each province in Emilia-Romagna and each crop
based on captures itself as well as on adults; since no temporal level is

9 Since, as mentioned in Section 2, the domain of temporal levels also
includes future dates, this constraint does not prevent the predict operator
to be used for forecasting in temporal intentions.
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part of the by clause, only time-agnostic models can be computed. The
second one is a temporal intention that forecasts the monthly future
values of adults by region via time-agnostic regression trees, based on
all measures available in the CAPTURE and METEQO cubes; due to the
as of clause, the forecast covers August and September 2024.

4.2. Semantics

In this section we define the operator semantics by explaining how
an intention formulated at time ¢ is computed:

1. If p> 1, i.e., two or more cubes are specified in the with clause,
compute the cube C resulting from their join.

2. Execute query g = (G,, P, M) over C, where G, ={l,....1,},
P, = P, and M, = {m,my,...,m,}. Let C = g(Cy) be the cube
resulting from the execution of ¢ over C, at time ¢. Consistent
with Definition 5, in case of a temporal intention this may imply
the creation of new facts with null measure values.

3. For 1 < j < z compute model M; = (type;, alg;,C,m,
{my,....,m,},Out)); in case M, is time-aware, this requires mea-
sures m, my, ..., m, to be preliminarily pivoted. Note that, in case
new facts with null measure values have been created at the
previous step, these are not used for training but only for storing
the prediction.

4. For each c € Out; compute interest(c).

5. Find the highlight
c= {argmaxceU/ out; (interest(c))}

6. Return the enhanced cube E consisting of C, {M, ..., M.}, and

The execution of the query (steps 1 and 2) is demanded to a
relational-OLAP engine such as Oracle 19c; it requires translating the
intention into an SQL statement in which the with clause determines
the FROM clause, the for clause determines the conjunction of predi-
cates in the WHERE clause, the by clause determines the GROUP BY
clause, and the predict and using clauses determine the measures to be
included in the SELECT clause together with the group by attributes.

Steps 3-6 are performed via a Python program. Specifically, at
step 3, the result of the SQL query is used to compute the models
via algorithms implemented using well-known libraries such as scikit-
learn and statsmodels. The computation of M; involves the following
phases:

1. Check applicability: verify that the computation of type; on C,
is feasible given the intention.

2. Pre-process: prepare the data in C for the application of alg;.

3. Split training and test sets. Firstly, we discard the facts having
null values in the target measure (since they will be filled
with the final prediction) and those having null values in the
inspected measures (since they cannot be used for training the
model). Then, we take 20% of the facts as a test set and the
remaining 80% as the training set. Precisely, if the cube is
the result of a temporal query, we take the last 20% of the
data sorted by time [20]; otherwise, the test set is uniformly
randomly sampled.

4. Train and predict. Given the hyper-parameter space for alg;,
we randomly check the performance of a fixed number of hyper-
parameter configurations using 5-fold cross-validation. Given
the best configuration, we apply alg; to both the training and
test set to predict the null values of the target measure.

Eventually, the Python program computes the interest (i.e., the coef-
ficient of determination R2) for each component (step 4), selects the
highlights with the highest interest (step 5), and returns the enhanced
cube (step 6).

In Sections 4.3, 4.4, and 4.5 we specifically describe how phases 1
and 2 are carried out for each model type.
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4.3. Regression trees

A tree regressor [13] is a machine-learning model that makes pre-
dictions using a tree model, where leaves represent predicted values
and branches represent conjunctions of features that lead to those
values. Regression trees are among the most popular machine learning
algorithms given their intelligibility and simplicity.

Check applicability. The regression tree model can be applied to
any intention, in both time-aware and time-agnostic modes. When the
intention involves a temporal query, the regression tree predicts the
values of each slice generated by pivoting the data by the temporal
index.

Pre-process. Well-known implementations of regression trees re-
quire numeric input data. The levels’ members are categorical (e.g.,
product or category names), thus they must undergo one-hot encoding,
i.e., a pre-processing technique that creates one binary feature for
each member. For each cube fact, the features corresponding to the
categorical members of the fact are set to 1. Note that, since the levels’
members are usually not ordinal, ordinal encoding cannot be applied.

4.4. Random forests

A random forest regressor [14] is an ensemble learning method
for regression that leverages a multitude of regression trees. Random
forests are not as intelligible as a simple regression tree, but they
can solve some overfitting issues of simpler regression trees. Since
random forests leverage regression trees, the phases are the same as
in Section 4.3. Predictions are made by averaging the values returned
by the individual trees.

4.5. Time series

With time series, in this paper, we refer to the machine learning
models that can make predictions by considering patterns that are
recurrent over time (e.g., at a seasonal or weekly scale). Although
through feature pre-processing we can adapt regression trees and ran-
dom forests to consider seasonal patterns (e.g., by injecting additional
features with values shifted by time [20]), time series models consider
these patterns by design.

Time series models can be distinguished into two classes [20],
univariate and multivariate, depending on the measures involved in the
prediction. Among the possible machine learning approaches belonging
to each category, we use SARIMAX [15] (univariate) and VARMAX [16]
(multivariate). Although more complex approaches and frameworks
exist (e.g., AutoTS [21]), we select these two approaches because they
can be more easily interpreted by end users.

4.5.1. Univariate time series

Univariate time series refer to machine learning models that predict
one target measure using one or more inspected measures (possibly
including the target measure itself, in which case the model is said to
be autoregressive).

Check applicability. SARIMAX is a time-aware model applied only
when the intention involves a temporal query (i.e., there is a temporal
level in the by clause).

Pre-process. Given an intention that entails a temporal query, the
cube is pivoted by the temporal index. This produces several time series
(one for each combination of slices) of numeric values for the target
measure, which do not require any encoding.
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4.5.2. Multivariate time series

Multivariate time series are machine learning models that predict
many target measures using two or more inspected measures (possibly
including the target measures themselves). Multivariate time series
have the same phases as univariate time series (see Section 4.5.1),
except phase 1.

Check applicability. VARMAX is applied only when the intention
involves a temporal query and at least two members of the temporal
index are selected by the for clause. Additionally, VARMAX can be
successfully applied only to stationary data (intuitively, time series that
are stable over the long term); tests such as the Augmented Dickey
Fuller one can determine whether a time series is stationary [20].

5. Experimental tests

The prototype we developed to test our approach uses the simple
multidimensional engine described in [22], which in turn relies on the
Oracle DBMS to execute queries on a star schema based on multidi-
mensional metadata (in principle, the prototype could work on top of
any other multidimensional engine). The algorithms are imported from
the scikit-learn and statsmodels Python libraries. The number of hyper-
parameter configurations we test is 20 for each component. The code
is publicly available at https://github.com/big-unibo/predict.

We remark again that the contribution of our approach is not
focused on the single techniques used for prediction (other techniques
could be easily plugged-in to build additional models), but on providing
users with a declarative, concise, natural language-like syntax to ex-
press their prediction intentions, as well as to make transparent to users
the selection and computation of the models and the interest-based
ranking of the resulting insights. To the best of our knowledge, no other
approaches have the same goal; for this reason, the only comparison
we will make in this section is between the complexity of writing an
intention using the predict operator and the complexity of writing the
SQL and Python code necessary to compute the models (Section 5.2).

5.1. Effectiveness

The effectiveness of our approach is assessed by verifying the ac-
curacy of the prediction, taking also in account the patterns that are
known to be present in the data. To this end, we executed two groups
of test.

In the first group, we evaluate the prediction accuracy on the real
data stored in the CAPTURE cube. As sketched in Fig. 9, we set the as
of clause in such a way that some actual data (in most cases, those of
the last 20 weeks) are not taken into account to compute the prediction,
so they can be used as a ground truth. The accuracy of a prediction is
then measured, via the R2 coefficient [19], by comparing it with this
ground truth; specifically, we compute the accuracy of each model as
the average of the accuracy of its components (the standard deviation
is always lower than 0.53). As shown in the following four subsections,
the experiments are focused on progressively expanding in different
ways the data used for the prediction. The using clause is always
left unspecified, thus all applicable model types are computed; when
the from clause is unspecified (e.g., in Section 5.1.2), all available
measures are inspected. This also gives an idea of how the predict
operator makes the underlying complexity transparent to inexperienced
users, who may be unsure about which are the best model types and
measures to be used for a prediction. The cubes used in the experi-
ments represent trends of data over time, so we will mainly focus on
temporal intentions. Since time-agnostic models are also computed in
temporal queries, this does not prevent the tests from covering all the
functionalities of the predict operator.

In the second group of test, discussed in Section 5.1.5, we use
synthetic data were some patterns have been artificially injected and
we check to what extent the predict operator can detect them. The
intentions are written in such a way that 5% of data are not taken into
account to compute the prediction and are used as a ground truth. Like
for the first group, we measure accuracy via the R2 coefficient.
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5.1.1. Adding inspected measures

In the CAPTURE cube, we know that measure captures should be
the sum of adults, largelnstars, and smalllnstars. We can expect that
the predict operator learns this relationship and that the prediction of
future adults improves its accuracy if adults, smalllnstars, largeln-
stars, and captures are incrementally added into the from clause as
inspected measures. The intentions used for this test are:

with CAPTURE predict adults by week
for month between ‘May 2021’ and ‘September 2023’ and province
= ‘BO’
as of ‘2023-20...
I1 :... from adults
I2 :... from adults, smallInstars
I3 :... from adults, smallInstars, largelnstars

14 :... from adults, smalllnstars, largelnstars, captures

The prediction, as determined by the as of and for clauses, covers 20
weeks (5 months in 2023, corresponding to about 18% of the time span
determined by the as of clause); the actual data of adults for these
weeks are not considered to build the prediction and are used as the
ground truth to assess its accuracy.

Fig. 10(a) shows, for each intention, the average accuracy of the
components of each model, together with the accuracy of the high-
light. It is apparent that predicting the captures of adults is hard
when considering only its previous values (we recall that |In|, on the
abscissa of the chart, is the number of inspected measures used to
compute the model; thus, |In| = 1 corresponds to I1 where only
adults is involved). Adding only smalllnstars (|In| = 2, i.e., I2) adds
noise to the prediction, reducing the prediction accuracy. The accuracy
sensibly increases when measure largelnstars is added to the from
clause (|In| = 3, i.e., I3), since largelnstars are more correlated to
adults than smalllnstars. When captures is added as well (|/n| = 4,
i.e., I4), all the models learn the inter-measure relationship providing
predictions with more than 0.90 accuracy. Interestingly, univariateTS
is the only model providing an accuracy of 0.99. Overall, we conclude
that the predict operator is capable of properly capturing the existing
(linear) relationship among the cube measures.

5.1.2. Increasing the time span
Here we evaluate how the accuracy of a prediction changes when
progressively more past data are used to build it. The intention adopted
to this end is the following:
with CAPTURE predict adults by week
as of ‘2023-34’
for province = ‘BO’...
I1 :... and month between ‘January 2023’ and ‘September 2023’
12 :... and month between ‘January 2022’ and ‘September 2023’
13 :... and month between ‘January 2021’and ‘September 2023’

where the as of clause fixes the length of the prediction and of the
ground truth to cover the last 6 weeks (1.5 months in 2023). Differently
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from the previous intentions, here the ground truth covers only 6
weeks to leave enough data for training and testing within a single
spring/summer.

Fig. 10(b) shows how the prediction average accuracy changes by
increasing the time span from 1 to 3 years. The univariateTS model type
is the only one capable of effectively learning the relationship between
adults and capture for all time spans. The reason is that this model
can mathematically express it in the form of an equation even when
a single year of past data is considered; thus, it consistently generates
accurate predictions across all time spans. Conversely, all other models
rely on trees that encode recurrent patterns; hence, they benefit from
larger datasets and improve their predictions as more historical data is
included.

5.1.3. Adding slices

Since predictions are also made by capturing the relationships be-
tween different cube slices, in this section we evaluate how the accu-
racy changes when the provinces in Emilia-Romagna are progressively
added to the data considered.

with CAPTURE predict adults by week from smallInstars, captures
as of ‘2023-20’

for month between ‘May2021’ and ‘September2023’...

I1 : ... and province in (‘BO’)

12 : ... and province in (‘BO’, ‘RA’)

I3 : ... and province in (‘BO’, ‘RA’, ‘FC’)

where the as of clause fixes the length of the prediction and of the
ground truth to 20 weeks.

Over the period being considered, Bologna (BO) and Ravenna (RA)
had similar distributions of captures. In contrast, the captures in Forli-
Cesena (FC) were slightly different (fewer captures with some delayed
spikes). This is confirmed in Fig. 10(c) by the predictions of the
regressionTree, randomForest, and multivariateTS models (|C| is the
cardinality of the cube as determined by the for clause): their predic-
tions are good when considering Bologna alone and when Ravenna is
considered as well, and slightly worse when Forli-Cesena is added. As
to the timeRegressionTree and timeRandomForest models, their perfor-
mance tends to decrease since the predictions made via these models
for Ravenna and Forli-Cesena are not accurate, hence, their inclusion
reduces the average accuracy. Remarkably, multivariateTS achieves an
accuracy of 0.98 when Bologna and Ravenna are considered and 0.96
when also Forli-Cesena is added; this confirms that the similarity of
capture distributions is effectively used by multivariateTS to make the
prediction.

5.1.4. Adding joinable cubes

According to domain experts, the captures of adults should be
affected by the temperature, specifically, by the so-called cumulative
degrees days, i.e., the length of time during which temperatures are
above a given threshold (in this case 12.2°, the temperature at which
the brown marmorated stink bug starts to spread). As a consequence,
we can expect that the prediction of adults will improve if the METEO
cube, which stores the cumDegreeDays and temperature measures,'’
is added to the with clause:

with CAPTURE predict adults by week
as of 2023-20’
for month between ‘May 2021’ and ‘September2023’ andprovince = ‘BO’

I1 : ... from adults

10 We could not use the humidity measure since it has too many missing
values.
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Fig. 10. Effectiveness tests; on the vertical axis, the average accuracy of the components of each model and the highlight accuracy (shown by a black diamond).
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Fig. 11. Conceptual schemata for the SALES and PURCHASE cubes.

with CAPTURE, METEO predict adults by week

as of 2023-20°

for month between ‘May2021’ and ‘September2023’and province = ‘BO’
12 : ... from adults, cumDegreeDays

I3 : ... from adults, cumDegreeDays, temperature

where the as of clause fixes the length of the prediction and of the
ground truth to 20 weeks.

As shown in Fig. 10(d) (where p is the number of cubes in the
with clause), when considering the CAPTURE cube only, the prediction
accuracy is slightly above 0.1, while when joining it with the METEO
cube it raises to 0.65 (I2) and 0.79 (I3). This suggests that the
possibility of integrating additional cubes in the prediction is indeed an
added value to the predict operator. The highest prediction accuracy is
achieved by the regressionTree model for I2 and by the univariateTS
model for I3. While adding the temperature measure affects the
regressionTree model only slightly, the univariateTS model is able to
exploit the periodic trend of temperature to improve the prediction.

5.1.5. Detecting patterns in synthetic data

To further assess the effectiveness of the predict operator, we con-
sider two additional SALES and PURCHASE cubes [12], whose con-
ceptual schemata are depicted in Fig. 11. These cubes store synthetic
data, with three patterns artificially injected:

Table 2

Detecting patterns in synthetic data.
Intention 11 12 13 14
|C| 365 102 365 365
Time (s) 58.8 0.98 44.9 96.0
Accuracy (avg) 0.97 0.94 0.95 0.40
Accuracy (highlight) 0.98 0.95 0.98 0.40
# pred. values 18 6 18 18

1. Measure discount is computed by applying to grossRevenue a
percentage randomly chosen among 0%, 5%, and 10% (in the
average, 5%).

2. Measure netRevenue is computed as grossRevenue—discount.

3. Measure unitCost is computed as unitPrice/2 plus a uniformly
distributed random noise in [—%, %] and moved

backward by 30 days, to simulate that the fluctuations in the

price of products follow the ones in their cost.

Then, we expressed the following intentions to verify that predict is
capable of detecting these patterns:

I1:
12 :

with SALES predict discount by date as of ‘2022-12-13’
with SALES predict netRevenue by type

11
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Fig. 12. Conceptual schema for the WATERING cube.

13:
14 :

with SALES predict netRevenue by date as of ‘2022-12-13’
with SALES, PURCHASE predict unitPrice by date from
unitCost as of ‘2022-12-13’

Note that I1, I3, and I4 are temporal intentions while 12 is not;
besides, 74 requires to join the two cubes to predict unitPrice (from
the SALES cube) based on unitCost (from the PURCHASE cube).

The results are summarized in Table 2 (|C| is the cardinality of the
cube, i.e., the number of facts, as determined by the for clause). The
accuracy is above 0.9 for I1, 12, and I3, proving that the operator
recognizes and correctly exploits the injected patterns. For 14 the
accuracy is significantly lower. The reason for this is that our temporal
models are autoregressive, thus, they compute the future values of
unitPrice based on the past/current values of unitPrice itself and on
the current value of unitCost; however, since the value of unitPrice on
a given day is actually related to the value of unitCost 30 days before,
this pattern is only partially captured by the operator. Note that the
operator effectiveness for I4 is also affected by the noise introduced
by aggregating and averaging unitPrice and unitCost over all products
and all stores in the same date, thereby cumulating and propagating
the noise at a coarser level of detail.

5.2. Efficiency

First of all, we measured the complexity (as the number of char-
acters [23]) of writing predict intentions vs the underlying code. By
averaging all the intentions in Section 5.1 and in the remainder of this
section, it turns out that the average length of an intention is about
200 characters. Thus, our approach saves about 99% of complexity
with respect to writing cube queries in SQL and writing the Python
implementation necessary to compute the models (2000 characters for
regressionTree and randomForest, 5500 for SARIMAX and VARMAX,
3400 for timeRegressionTree and timeRandomForest, and 3000 for
managing and transforming query results and enhanced cubes).

As to time efficiency, since the CAPTURE cube has a small cardi-
nality, here we use a different cube, WATERING [24], which stores the
hourly soil moisture sampled by sensors (a regular grid of 12 sensors
placed at different distances and depths from an irrigation dripper)
located in different fields (see Fig. 12 for the conceptual schema). By
doing so, we can also observe how the predict operator works with
different datasets.

The efficiency of the predict operator is assessed on the WATERING
cube by progressively increasing (i) the number of slices selected by
the for clause and (ii) the time span of the prediction (both in terms of
training and test data). The tests were run on an Intel(R) Core(TM)i7-
6700 CPU@3.40 GHz CPU with 32 GB RAM; each intention was
executed 10 times and the average results are reported.

5.2.1. Scaling up the slices

To assess how performances scale when inspected measures are
incrementally considered by the operator, we run seven intentions
that predict (using all the available model types) the hourly values of
soilMoisture in a given field and during a time span of two days for
an increasing number of sensors:

with watering predict soilMoisture by hour, sensor

12
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Table 3
Scaling up slices.
Intention 11 12 13 14 152 16 17°
|C| 146 219 292 365 438 657 876
Time (s) 67.7 137.3 184.3 474.2 133.9 209.5 267.3
Highl. interest 0.91 0.91 0.91 0.91 0.91 0.99 0.99
# pred. values 7 10 14 18 21 32 43
a MultivariateTS is not computed for the sake of time.
Table 4
Scaling up slices: time breakdown by model (in seconds).
Model\|C| 146 219 292 365 438 657 876
regressionTree 0.2 0.2 0.2 0.2 0.2 0.3 0.3
randomForest 0.5 0.5 0.5 0.5 0.5 0.5 0.5
timeRegressionTree 0.4 0.7 1.0 11 1.3 2.0 2.6
timeRandomForest 1.0 1.5 1.9 2.4 2.9 4.3 5.6
univariateTS 46.7 68.2 89.7 108.3 128.9 202.5 258.3
multivariateTS 18.9 66.2 91.0 361.7 - - -
for field = ‘Field-1’
and hour between ‘2022-07-0110 : 00 : 00’ and
2022-07-0310 : 00 : 00°...
I1 :... and sensor in (‘S20-0’, ‘S40-0%)
12 :... and sensor in (‘S20-0’, ‘S40-0’, ‘S60-0")
I3 :... and sensor in (‘S20-0’, ‘S40-0’, ‘S60-0°, ‘S20-25’)
I4 :... and sensor in (‘S20-0’, ‘S40-0’, ‘S60-0’, ‘S20-25’, ‘S40-25")
I5 :... and sensor in (‘S20-0’, ‘S40-0’, ‘S60-0’, ‘S20-25’,
‘S40-25’, ‘S60-25")
I6 :... and sensor in (‘S20-0’, ‘S40-0°, ‘S60-0’, ‘S20-25’,
‘S40-25’, ‘S60-25,
‘S20-50°, ‘S40-50’, ‘S60-50")
I7 :... and sensor in (‘S20-0’, ‘S40-0’, ‘S60-0’, ‘S20-25’,
‘S40-25’, ‘S60-25’,
‘S20-50’, ‘S40-50°, ‘S60-50°, ‘S20-75’,

‘S40-75, ‘S60-75’)

Adding sensors to the for clause increases the number of slices con-
sidered; note that all intentions must consider at least two sensors in
order to compute multivariateTS (i.e., with a single slice/sensor we
cannot have a multivariate time series). Since soilMoisture values were
sampled in 2022, for every sensor we set 5% of the values to null in
order to impute/forecast them.

Table 3 and Fig. 13 (left) summarize the results (|C| is the cardi-
nality of the cube, i.e., the number of facts, as determined by the for
clause). The operator always returns good highlights (i.e., highlights
with high interest), meaning that it can predict patterns recurrent in
the training set. As to the time necessary to compute the intention,
we start by observing that, in all cases, most of the time is taken to
compute the models (i.e., by the train and predict phase, step 3 of the
execution plan in Section 4.2) whereas the time to query the cube is
negligible. For instance, in 74, getting a cube of 365 tuples takes 0.08 s
out of 474.2 s to compute the intention. In turn, the time to compute
the models is dominated by univariateTS and multivariateTS. From /5
to I7, we stopped computing the multivariateTS model since the time
required is in the order of hours even for cubes with cardinalities of
hundreds of cells; note that this is fully compliant with the goals of
OLAP, whose returned datasets must be small enough to be manageable
by humans for decision making [25].

Table 4 and Fig. 13 (right) report the time breakdown by model,
showing that the computation time required by time-aware models
scales linearly with the number of inspected measures (i.e., the number
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Fig. 13. Scaling up slices: total time (left) and breakdown by model (right).
Table 5 Table 6
Scaling up the time span. Scaling up the time span: time breakdown by model (in seconds).
Intention 11 12 13 14 I5 16 17 Model\|C| 1164 2604 4044 5484 6924 8364 12684
|C| 1164 2604 4044 5484 6924 8364 12684 regressionTree 0.3 0.3 0.3 0.3 0.4 0.4 0.5
Time (s) 297.5 5224 7350 939.3 1059.3 1525.4 1913.3 randomForest 0.5 0.6 0.7 0.7 0.8 0.9 1.1
Highl. interest 1.0 0.9 0.9 0.9 0.7 0.9 0.8 timeReg.Tree 2.6 2.6 2.6 2.7 2.7 2.7 2.8
f pred. values 58 130 202 274 346 418 634 timeRand.For. 5.6 5.8 5.9 6.0 5.8 6.0 6.2
univariateTS 288.5 513.2 72555 929.6 1049.6 15154 1902.8

of sensors selected in the for clause); since the y-axis is logarithmic,
linear patterns follow logarithmic trends. This is because time-aware
models pivot the base cube by the hour temporal attribute, and by
construction they do not mix soil-moisture values of different sensors
during the prediction. On the other hand, multivariateTS learns rela-
tionships among soil-moisture values of different sensors but its training
time is way longer.

5.2.2. Scaling up the time span

To check how the performance scales when increasing the time span
covered we run the following intentions, which predict the values of
soilMoisture by hour and sensor in a given field for an increasing
number of hours (all 12 sensors are considered):

with watering predict soilMoisture by hour, sensor for field

= ‘Field-1"...

I1 :... and hour between ‘2022-07-0110 : 00 : 00’ and
¢2022-07-0510 : 00 : 0O’

I2 :... and hour between ‘2022-07-0110 : 00 : 00’ and
“2022-07-1010 : 00 : 00’

I3 :... and hour between 2022-07-0110 : 00 : 00’ and
“2022-07-1510 : 00 : 00’

14 :... and hour between 2022-07-0110 : 00 : 00’ and
“2022-07-2010 : 00 : 00’

I5 :... and hour between 2022-07-0110 : 00 : 00’ and
“2022-07-2510 : 00 : 00’

16 :... and hour between 2022-07-0110 : 00 : 00’ and
“2022-07-3010 : 00 : 00’

17 :... and hour between 2022-07-0110 : 00 : 00’ and

“2022-08-1510 : 00 : 00’

Again, for every sensor we set 5% of the values to null in order to im-
pute/forecast them. Besides, we let the operator compute all the models
except multivariateTS since, as already mentioned, its computation
time is too long above 1000 tuples.

Table 5 and Fig. 14 (left) summarize the results. The operator
returns good highlights, with 0.66 being the minimum interest. The
time necessary to compute the prediction is dominated by univariateTS
(Table 6), the only model requiring more than 10 s. This means that,
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even after a few seconds, the predict operator can return a highlight,
which can be incrementally improved as soon as new components are
available. Even in this case, the time to query the cube is negligible
(e.g., in I7, 0.4 s out of 1913.3 s to compute the intention).

We finally note that the slope for timeRegressionTree and timeRan-
domForest is less steep than for the other models. This is because |C| is
the cardinality of the whole cube, but time-aware models are computed
on a cube pivoted by the temporal level; then, the increase of tuples per
component (there is one component for each sensor) is actually lower
than the overall increase of cube cardinality.

5.3. Summary

Overall, the experiments conducted reveal that the predict operator
can return accurate predictions due to the complementarity of the
adopted models. In the case of time-aware predictions (when time
is not involved in the by clause of the intention), univariateTS and
multivariateTS usually make better predictions than classical machine
learning models adapted to time series (e.g., timeRegressionTree and
timeRandomForest). However, univariateTS and (especially) multivari-
ateTS are computationally heavier and require more time to make
predictions. regressionTree and randomForest are required for time-
agnostic predictions, and they also return accurate insights in the case
of temporal queries; although regression trees are simpler than random
forests, their adoption is worthwhile since they are more interpretable.

Since interactivity is a key feature of OLAP sessions, we believe
that adopting an incremental approach where faster highlights with
simpler models (such as timeRegressionTree and timeRandomForest)
are returned first, to be later refined with more complex models, can
be an added value for end users. In this regard, we show in Fig. 15
how the highlight interest increases with time, as model components
are incrementally computed for intention /2 in Section 5.1.3. The first
highlight (of the timeRegressionTree model type and with an interest
of 0.92) is computed in 0.23 s. This is later refined by randomForest
and timeRandomForest; the best highlight is computed in 26 s by
univariateTS (multivariateTS is not shown since its interest is slightly
lower than univariateTS). We also verified that involving additional
related cubes in an intention can significantly improve the prediction
quality.

Finally, we found that the predict operator is capable of retrieving
patterns that are present in the data, e.g., the relationships between the
adults and cumDegreeDays measures in the CAPTURE cube and the
relationships between sensors (slices) in the WATERING cube.
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1.0 1 ® 6.2. Regression-based prediction
2 081 Regression analysis estimates the relationships between dependent
& 064 and independent variables. It is used for prediction and forecasting,
g where its implementation substantially overlaps with machine learning
£ 0.4+ timeRegressionTree techniques. Among these, we find a plethora of techniques ranging from
E @ randomForest decision-tree [13] and random-forest [14] regressors (the former is
0.2 @® timeRandomForest more interpretable, and the latter overcomes overfitting with boosting,
0.0 @®  univariateTS bagging, and using multiple regression trees) to deep neural networks.
10-1 100 1ot Specific techniques can be adopted when predictions are based on
Time (s) time series (a series of data points indexed in time order). The core

Fig. 15. Highlight interest as a function of time in incremental computation.

6. Related work

6.1. OLAP + analytics

The idea of coupling data and analytical models was born in the
90’s with inductive databases, where data were coupled with patterns
meant as generalizations of the data [26]. Later on, data-to-model
unification was addressed in MauveDB [27], which provides a language
for specifying model-based views of data using common statistical
models. However, achieving a unified view of data and models was
still seen as a research challenge in business intelligence a few years
later [28]. More recently, Northstar [29] has been proposed as a system
to support interactive data science by enabling users to switch between

data exploration and model building.

The coupling of the OLAP paradigm and data mining to create
an approach where concise patterns are extracted from multidimen-
sional data for user’s evaluation, was the goal of some approaches
commonly labeled as OLAM [30]. In this context, k-means clustering
is used in [31] to dynamically create semantically-rich aggregates of
facts other than those statically provided by dimension hierarchies.
Other operators that enrich data with knowledge extraction results are
DIFF [32], which returns a set of tuples that most successfully describe
the difference of values between two facts of a cube, and RELAX [33],
which verifies whether a pattern observed at a certain level of detail
is also present at a coarser level of detail. In [34] the authors reuse
the OLAP paradigm to explore prediction cubes, i.e., cubes where each
fact summarizes a predictive model trained on the data corresponding
to that fact. Finally, the coupling of data and models is at the core of
the IAM vision [9], on which this paper relies. The three basic pillars of
IAM are (i) the redefinition of query as expressing the user’s intention
rather than explicitly declaring what data are to be retrieved, (ii) the
extension of query results from plain data cubes to cubes enhanced
with models and highlights, and (iii) the characterization of model
components in terms of their interest to users.

of time series analysis is about discovering relationships and recur-

rent patterns in the data to predict future values based on historical

observations, which provide the basis for decision-making processes.
The application of time series has spanned various fields, such as
agriculture and industry. The field of time series has witnessed many
contributions over the years, some related to “classical” machine learn-
ing models [35], others related to the most recent advancements in
deep learning, transformers, and generative models [36]. Among well-
known approaches, we mention SARIMAX [15] and VARMAX [16].

SARIMAX is a technique for predicting univariate time series; the
models and parts used for prediction are Seasonal, AutoRegression,
dIfferencing, Moving Average, and eXogeneous variables (in addition
to the endogenous variables). VARMAX is a technique for predicting
multivariate time series; the models and parts used for prediction are
Vector, AutoRegression, Moving Average, and eXogenous variables.
Besides the type of the adopted technique, the main goal of these con-
tributions is to make predictions (or anomaly detection) as accurate as
possible, even by creating ensembles of existing models in an AutoML

fashion [37]. This differs from the scope of our contribution. Our goal

operator.
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is not to deliver more accurate predictions than the state of the art
but to create a formal framework that encapsulates models for time
series analysis and multidimensional cubes, so that analysts can express
high-level forecasting intentions that are automatically translated into
execution plans involving (i) queries, (ii) machine learning models, (iii)
interest computation, and (iv) component ranking and selection of the
highlight. To the best of our knowledge, none of the contributions that
have been recently surveyed in [35,36] falls in this scope, but still they
can be leveraged as alternative models to be incorporated in the predict

In multilevel regression, the presence of hierarchies of attributes is
taken into account as well when making predictions (e.g., two products
of the same type may have sales that are more similar than the sales
of two products of different types). However, as shown in [38], this
usually requires a preliminary feature engineering step to avoid a large
increase of the feature space, so at to maintain good performances. For
instance, it is necessary to indicate how (i.e., using which operator)
detailed data can be aggregated and, to avoid computing all possible ag-
gregations (whose number is exponential in the number of attributes),
which group-by sets are actually meaningful. Since a requirement of
our approach is to preserve the interactivity of OLAP sessions, we do
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not adopt multilevel techniques so that our predictions are only based
on the exact group-by set specified in the intention.

As to the models we adopt for our operator, we avoided techniques
based on deep neural networks since they require a lot of time for their
training; this is even worse in the case of analyses at different temporal
scales. Indeed, having a long training before the operator can be used
would conflict with the plug-and-play philosophy of our approach.

7. Conclusion

In this paper we made a significant step towards completing the
IAM framework by introducing a syntax and a semantics for the predict
operator, whose goal is to estimate the unknown values of a target
measure based on the available knowledge. To make a prediction we
make combined use of three types of regression models: regression
trees, random forests, and time series. When a prediction intention is
executed, first a set of data is selected from one or more related cubes
and aggregated, then one or more models are computed with their
components; finally, the most interesting component(s) are labeled as
the highlight and coupled with the cube to form an enhanced cube.

The experiments we conducted with real datasets show that the
predict operator is capable of returning good predictions thanks to the
complementarity of the models and to the possibility of considering
additional data stored in related cubes. The performances are compliant
with the interactivity requirement of OLAP sessions; an exception is
due to multivariate time series models, whose computation may require
hours even for relatively small cubes.

Our future work will follow several directions:

+ Devise a visualization metaphor for enhanced cubes that, while
being compliant with the ones used for the other IAM opera-
tors [10-12], can consistently merge components belonging to
different models to give the user a comprehensive view of the
prediction.

Expand the operator syntax by (i) allowing more than one target
measure and more than one temporal index in the intention, and
(ii) enabling, besides forecasting and imputation, also allocation,
where a value of the target measure at some given aggregation
level is allotted at a finer aggregation level. For instance, in our
working example, this could be used to predict captures at the
trap level based on captures at the province level.

Improve the precision of the prediction by computing it using,
instead of the group-by set specified in the by clause, a finer
group-by set.

Adopt an incremental approach to deliver the highlight, i.e., ini-
tially return the highlight obtained by computing the faster mod-
els, then progressively refine it in case more interesting highlights
are produced by the slower models.

The accuracy of a prediction depends on the ratio of the cardi-
nality of the training set and the number of inspected measures
and slices involved in the intention. To avoid wasting time in
computing inaccurate models, the execution plan of predict could
be expanded by including a check that, when this ratio is below
a given threshold, suggests to change the intention by reducing
the number of inspected measures and/or increasing the span of
the for clause.
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