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 A B S T R A C T

Inventory management relies on accurate demand forecasts. Typically, these are univariate forecasts extrap-
olating patterns from past demand. The disaggregate nature of demand at the Stock Keeping Unit (SKU) 
level makes the incorporation of external information challenging. Nonetheless, such leading information 
can be critical to identifying disruptions and changes in the demand dynamics. To address the inventory 
planning needs of a global manufacturer we propose a methodology that identifies predictively useful leading 
indicators at an aggregate demand level, and translates that information to SKU-demand by leveraging 
on the hierarchical structure of the problem. Therefore, the proposed methodology provides probabilistic 
forecasts enriched by leading indicator information at SKU-level, as inputs for inventory management. The 
methodology automatically adjusts the choice of indicators for different required lead times, with some being 
more informative about the short-term demand dynamics and others for the long-term. We demonstrate the 
benefits both in the case of backorders and lost-sales, for a variety of lead times. We further benchmark 
the solution against solely using leading indicators or hierarchical forecasts, demonstrating that the benefits 
appear primarily by the proposed blending of the modelling approaches. The outcome is demonstratively 
better forecasts and inventory management for the case company. Additionally, management gains insights 
into the main drivers of their short and long-term demand, and the ability to adjust inventory replenishment 
accordingly. The ability to account for diverse macro and market information in operations is paramount for 
firms with a global reach that face different market conditions across countries. Additionally, the transparency 
of which leading indicators are influencing forecasts of different lead times is conducive to increased forecast 
trustworthiness.
1. Introduction

Inventory management is facilitated by accurate forecasts. Typi-
cally, these forecasts are based on univariate models, extrapolating 
from the historical demand. Univariate models, such as exponential 
smoothing, have demonstrated reliable performance, relatively limited 
data requirements, and ease of use [1], explaining their widespread 
adoption in the practice and software [2,3, chapter 13]. A main ad-
vantage of these models is their scalability and low computational 
cost, enabling their use in organisations that require a large number of 
forecasts to support inventory management decisions, for instance, in 
retailing [4,5]. More recently machine learning methods have demon-
strated their effectiveness in similar conditions [6], with lightGBM, an 
advanced boosting method building on decision trees, being one of 
the top performers [7]. Although these models are adequate in normal 
conditions, they may fail in situations where there are disruptions, 
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or rapid changes in the market conditions, due to their extrapolative 
nature. In the literature there are examples of this in the context of the 
supply chain from the 2008 financial crisis [8] and tourism forecasting 
from the more recent Covid-19 pandemic [9]. In practice, this is often 
addressed by incorporating contextual information through the use 
of judgemental adjustments of model forecasts [10,11]. However, the 
performance of these adjustments is found to be inconsistent, due to 
various judgemental biases [11,12], and do not scale. Furthermore, 
there is ample evidence that experts can find it difficult to identify 
predictively valuable cues in the available contextual information, 
resulting in ineffective or even damaging adjustments [13,14].

An alternative is to build models that incorporate leading indicators. 
A leading indicator is an external variable that contains predictive 
information for a target variable with a sufficient lead. The lead has 
to be at least as long as the forecast horizon to be useful [15]. Leading 
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Fig. 1. An example of an 8-month leading indicator from our case company. The scatter plot provides a linear regression fit, together with the highlighted points of the time 
series plot.
indicators can be macroeconomic and other market variables that are 
leading changes in the target demand series [8]. The difficulty is 
identifying the appropriate indicators and estimating their effect on 
demand. The disaggregate nature of demand at Stock Keeping Unit 
(SKU), and when this is further separated to stock-keeping locations 
that inventory decisions are taken, e.g., SKU/store, results in increased 
noise in the demand signals that make identifying leading indicators 
problematic. Sagaert et al. [16] provide an implementation blueprint 
of how to incorporate leading indicators in tactical demand forecasting, 
using lasso regression. In their case, they focus on aggregate sales across 
multiple SKUs and locations, to aid lasso regression to identify the 
relevant leading indicators among the several thousands of alternatives. 
They also argue that for each forecast horizon, a different set of leading 
indicators may be relevant, as different signals may have predictive 
value for different periods in the future. This adds to the computa-
tional complexity and cost that are not congruent with the scalability 
requirements of the typical inventory management context.

In this work we propose a methodology to incorporate leading 
indicators at the aggregate company demand data and transfer these 
to disaggregate SKU/location forecasts. The objective is to obtain fore-
casts that remain accurate in the face of supply chain disruptions and 
changes, while retaining scalability, and therefore being practically 
relevant. To do this we leverage the recent advances in hierarchical 
forecasting [17,18]. We go beyond typical implementations of hier-
archical forecasting, where all aggregate and disaggregate time series 
are modelled by the same forecasting model family, and typically 
using the same information. Instead, we rely on univariate models for 
the disaggregate predictions, and on methods with leading indicators 
for the aggregate levels. We consider statistical and machine learning 
approaches, namely lasso regression and lightGBM. We address the 
various complications this introduces and demonstrate the efficacy 
of the proposed approach on inventory performance, showing that it 
provides superior results than both conventional modelling using only 
univariate per SKU forecasts and hierarchical forecasts that rely on a 
single model family.

We evidence the benefits of our approach using a manufacturing 
firm that operates on multiple continents and therefore faces multi-
ple macroeconomic environments. Fig.  1 provides an example of the 
connection of a leading indicator with their sales. The firm produces 
materials necessary for tyre manufacturing, for private and industrial 
use vehicles. The leading indicator is tracking the purchases of two and 
four-wheel vehicles in Sweden and exhibits a strong 8-month lead to 
sales. Vehicle sales lead tyre sales, and, in turn, lead sales for the case 
company. The relatively short lead of the indicator to the expected 
lifespan of tyres is due to the firm supplying tyre manufacturers and 
therefore the implicit lead to the end consumer is substantially longer. 
This narrative was validated by the management in our case company.

We demonstrate the synergies of the various components of the 
proposed methodology. First, we evidence that identifying leading 
information at SKU-level data is ineffective, requiring a hierarchical 
2 
treatment. Second, although solely using hierarchical forecasting pro-
vides performance gains over standard SKU-level forecasting, these are 
smaller than gains obtained when leading information is used.

The paper is structured as follows. In Section 2 we provide an 
overview of the relevant literature. Section 3 details the proposed 
methodology. Section 4 introduces the company case, the available 
data, and presents the experimental design that is used to evaluate 
the proposed methodology. Section 5 presents our findings, followed 
by a discussion of why modelling indicators at aggregate data is ad-
vantageous in Section 6, managerial implications in Section 7, and 
concluding remarks in Section 8.

2. Literature review

The idea of leveraging external information to demand forecasting 
and inventory management is long established in the operations man-
agement literature. Kouvelis et al. [19] underscore the significance of 
including market intelligence in demand forecasting to increase effec-
tive response capability in inventory management. Aviv [20] advocate 
that the decision-maker should obtain information about the current 
market conditions at the beginning of each period, to improve its 
demand forecasting and inventory decisions. Fildes et al. [13] argues 
that effectively integrating cross-functional information can improve 
demand forecasts, but that a judgemental incorporation of such infor-
mation is often prone to bias, for example, due to too much attention on 
information relating to a single, isolated past event. Sroginis et al. [14] 
postulate that information overload is an issue for demand planners 
and forecasters when selecting relevant information. This motivates the 
use of models to evaluate a large number of variables, subsequently 
enhanced by selective judgemental intervention. Nonetheless, when the 
number of potential variables becomes too large, this can reduce the ef-
ficacy of statistical selection methodologies. Chuang et al. [21] stresses 
the importance of starting with a good set of predictor variables prior 
to any selection and advices including variables grounded on theory. 
In agreement, Sagaert et al. [8] show that experts can successfully 
reduce a larger set of variables to improve the result of a subsequent 
statistical variable selection, however how to best do this remains an 
open question.

2.1. Exogenous information

Many different types of external information have been reviewed 
to improve demand forecasting. One obvious type of information is 
product-specific information. A common example is price and pro-
motional information, which is known to improve the demand fore-
casts [22,23] and is particularly relevant to retailing [5,24]. The scope 
of this information is often short-term, and although it is increasingly 
incorporated into models, it has been one of the main drivers for ex-
pert adjustments of model forecasts [10,11]. To incorporate additional 
market intelligence in demand forecasts, the literature has looked into 
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using other inputs, such as social media data. For example, [25] use 
these inputs in fashion forecasting. Similarly, geographical location 
information of the point-of-sales [26] and clickstream data [27] have 
been used to enhance inventory management.

Schaer et al. [15] demonstrate that often consumer behaviour re-
lated online data can have a limited time-scope, being less helpful in 
modelling longer-term dynamics. Therefore, although this information 
can be leading, in many cases the lead times that a firm faces can 
be longer than the predictive lead that such variables carry [28]. 
This introduces two challenges that further complicate the selection 
of variables. On the one hand, many predictors are excluded when 
the decision lead time is considered, forcing analysts to look for al-
ternative variables that may contain that signal. This can increase 
spurious selection of variables, which has been partially evidenced 
both with models [24] and judgement [14]. On the other hand, as 
different decision lead times result in a different pools of variables, 
with potentially different lags of the same information, multiple models 
may need to be build, and the dimensionality of variable selection can 
increase substantially, as we discuss in the methodology section below.

Longer-term leading indicators can be sourced from the macroe-
conomic environment of the firm. Sagaert et al. [8] shows that lasso 
regression can effectively identify such among a very large pool of 
potential indicators, improving forecasts up to a year ahead, and being 
able to capture exogenous disruptions in the sales of a firm. Further 
work has evidenced the usefulness of this for tactical forecasting [16,
29], however with the limitation that working with aggregate demand 
data is a precondition for lasso to identify informative macro-economic 
indicators.

2.2. Variable selection

From the above it is apparent that the analyst is often faced with 
the situation where the potential number of predictors can exceed 
the number of historical observations, complicating variable selection. 
In the literature, most methodologies fall under three approaches, 
(i) factor models, (ii) shrinkage estimators, and (iii) use of models that 
can operate without variable selection. Factor models use some dimen-
sionality reduction method, such as principal component analysis, to 
reduce the initial set of variables to a smaller set that can then be 
modelled with usual variable selection approaches. It became popular 
in the forecasting literature following its application in macroeconomic 
modelling by Stock and Watson [30], building on a large body of 
previous literature [31], with applications in demand forecasting [32,
33]. A limitation of factor models is that it becomes challenging to 
identify the influence of individual variables, which can be important 
both for providing business insights and validating the model [34]. 
Subsequent work has proposed various approaches to mitigate this, for 
example, Bernanke et al. [35] develop models that some variables are 
not transformed into factors and evaluated in their original form.

Shrinkage estimators retain the initial set of variables and focus 
on addressing the estimation challenge. They operate by regularis-
ing sample estimators towards zero, therefore reducing the estimation 
variance, with ridge and lasso formulations being the most widely 
used [36]. Both are able to provide estimates when the number of 
regressors exceeds the available sample, with the latter being able to 
select variables as well. One of the main advantages of lasso regression 
is that it achieves a sparse solution [37], while trying to uncover the 
true signal. Various other estimation methodologies that aim to reduce 
the estimation or forecast variance have been shown to have equiva-
lences with shrinkage [38]. In the forecasting literature, lasso has nu-
merous successful applications, for example, in macroeconomics [39], 
retailing [24], and tactical forecasting [8].

Both factor models and shrinkage estimators have shown good 
performance. Roth Tran [40] uses lasso to select external predictors 
for sales forecasting and inventory optimisation, with lasso found to be 
preferable over other techniques such as principal component analysis. 
3 
Their focus is on shorter-term forecasting, as the variable of interest is 
weather information. [33] contrast the two in a retailing setting and 
find that although both are effective in handling a large number of 
variables, factor models perform better during promotional periods, 
in agreement with [32], and lasso is preferable otherwise. During 
promotional periods, the demand uplift is important, which shrinkage 
estimators will likely underestimate. Otherwise, shrinkage is more reli-
able as it mitigates sampling uncertainty [37]. These findings motivate 
our focus on shrinkage methods for variable selection.

Other methodologies, such as lightGBM [7], can avoid variable 
selection altogether. These are typically ensemble learning methods, 
such as random forests, or overparametrised methods, such as neu-
ral networks. While these have shown superior accuracy in demand 
planning tasks [for example, lightGBM in the recent M5 forecasting 
competition, [6]], they lack transparency and interpretability. These 
can be important for the trustworthiness of the forecasts [34], business 
insights [8], and model validity. To reduce their opaqueness, it is 
common to use SHAP values [41], or similar [42], to elucidate which 
variables have higher importance for the trained model. However, these 
are often misinterpreted, particularly when it comes to inference for 
correlated variables [43] and can have substantial computational cost. 
Nonetheless, when inference is not the primary objective and the focus 
is solely on forecast accuracy, approaches that side-step variable selec-
tion can be very useful. We take this stance in our work, investigating 
both lightGBM and lasso regression that offer contrasting benefits.

2.3. Hierarchical information

In a demand planning and inventory management context, a firm 
needs to deal with multiple time series, which themselves may be inter-
connected. Often these are organised in hierarchies of items that match 
the organisation of the operations of a firm. For example, different 
variants of a product are grouped, as this has implications for various 
operations, such as production, warehousing, etc. Likewise, there is the 
implicit constraint that the subaggregate series add up to the aggregate 
one, i.e., the total of the variants of a product match its total sales. 
Although this is a given for historical data, it is not so for demand 
forecasts and the decisions they support. Forecasts may violate this con-
straint. To achieve this coherency there is a large body of literature on 
hierarchical forecasting [for recent reviews, see18,44]. Traditionally, 
this problem was seen as a top-down or bottom-up, that is, forecasting 
at an aggregate level and disaggregating, or at a disaggregate level 
and summing up, to achieve coherency [45]. The aggregation and 
disaggregation follow the organisational hierarchy, therefore offering 
coherent forecasts at decision-making relevant levels. However, these 
approaches have been criticised for introducing biases [46] or increas-
ing modelling risk [47]. Instead, nowadays hierarchical forecasting is 
seen as an operation of reconciliation of the forecasts generated across 
the different levels of the hierarchy, which, apart from coherency, 
can bring accuracy benefits [46,48,49]. Furthermore, [4] remarks that 
clustering similar time series can improve the use of data and help 
reduce the computational needs. [50] note that grouping of the time 
series improves forecastability, and highlight that using interpretable 
relationships, such as the use of hierarchical information, is preferred 
over data-driven clustering.

2.4. Contributions

We contribute to the literature by proposing a methodology to 
augment the SKU-level forecasts and improve inventory decisions with 
intelligence from leading indicators, which is identified at an aggregate 
level of sales. Our work is at the intersection of forecasting with leading 
indicators and hierarchical forecasting, and specifically, we provide
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1. the theoretical motivation and the empirical evidence for using 
exogenous variables at aggregate levels of hierarchical forecast-
ing. This also contrasts with the standard hierarchical forecasting 
implementations in the literature where a single model family is 
used across cross-sectional hierarchies.

2. a methodology to account for the impact of different model 
parameter estimation methods and their implied effect on model 
variance on hierarchical reconciliation. We focus on shrinkage 
and maximum likelihood estimators.

These address gaps identified by Athanasopoulos et al. [18] in their 
review of hierarchical forecasting, and show the limitations of previous 
research in using leading indicators for demand planning and inventory 
management [for example,8] and how to overcome these.

3. We contrast the business insights provided by lasso and light-
GBM, judgemental and model based approaches to summarise 
these, and the interaction between the selection of leading indi-
cators for different forecast horizons and hierarchical reconcili-
ation.

These are important aspects to increase the trustworthiness of fore-
casts, which is an emerging consideration in the literature [34], their 
managerial usefulness, and facilitate any additional adjustments by 
experts by communicating what information is already captured by the 
models [13].

3. Methodology

The proposed methodology has two elements, first, the generation 
of predictions for the disaggregate and aggregate demand, and then 
the combination of the two views using hierarchical forecasting. The 
reconciliation of the forecasts in the hierarchical forecasting step is a 
post-forecasting step that can increase the performance of forecasts fur-
ther by combining the information across the independently specified 
forecasting models. We rely on this to transfer the leading indicator 
information across the hierarchy. These two steps together ensure that 
the resulting forecasts that inform inventory decisions incorporate any 
available leading information about potential changes in the market. 
Our methodology handles probabilistic forecasts that are necessary for 
inventory management. This way, we provide both mean forecasts, as 
well as safety stocks, as needed, with both reflecting the increased 
information due to the leading indicators. We detail how these are done 
in the following subsections.

3.1. Generation of forecasts

3.1.1. SKU-level forecasts
Two challenges at SKU-level forecasts influence the choice of the 

forecasting approach. First, at the disaggregate level, typically, we are 
faced with a large number of time series, and therefore automatic spec-
ification of methods and scalability are desirable. Second, we anticipate 
that noise in the time series can make the identification of exogenous 
variables difficult.

Therefore, at the disaggregate level, we generate forecasts using 
univariate forecasting models. Although these forecasts can be obtained 
by any forecasting method, we focus on exponential smoothing and 
lightGBM,

We rely on the state space exponential smoothing family of mod-
els [51]. Exponential smoothing models can tackle a variety of time 
series patterns that may include trend and seasonality, interacting in an 
additive or multiplicative way. The state space formulation goes beyond 
the classic exponential smoothing methods in that it uses maximum 
likelihood estimation for the smoothing parameters and initial values 
of the models, as well as permitting automatic model selection using 
information criteria [1]. This offers substantial benefits in terms of 
automation and reliability [51,52].
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The lightGBM is an optimised Gradient Boosting Machine [GBM,53] 
proposed by Ke et al. [7]. Given an initial set of predictions, with 
boosting one can achieve better performance by re-training a model 
on the residuals from these predictions. This step can be repeated 
iteratively on the residuals of the previous step. The final boosted 
forecast is the ensemble of all these forecasts. GBMs rely on weak 
predictors, such as decision trees, making very few assumptions about 
the data. However, GBMs come with a multitude of calibration options, 
which have led to different methods being proposed in the literature. 
The lightGBM method is one of the more widely used ones due to 
various optimisations in terms of computation and the inclusion of 
regularisation options to increase the reliability of the outputs. In the 
recent M5 forecasting competition, most of the well-performing ma-
chine learning methods made use of lightGBM, outperforming standard 
statistical models [6]. However, the boosting step obfuscates how dif-
ferent inputs are used by the GBM, making the method less transparent 
to users.

Our methodology does not require the use of these two alternative 
forecasting methods, and other methods could be used. We select these 
two given the evidence in favour of their forecasting performance. 
Furthermore, exponential smoothing is widely available in various fore-
casting software, while lightGBM is incorporated in multiple machine 
learning environments. The model-agnostic nature of the SKU-level 
forecasts is valuable, as it facilitates the incorporation of forecasts 
that may have been judgmentally adjusted by the users to incorpo-
rate contextual information [11]. Furthermore, it is simple to enrich 
these forecasts with promotional and pricing information that may be 
available at the disaggregate SKU level [22].

3.1.2. Forecasts with leading indicators
Aggregating the demand of different SKUs and locations, changes 

the focus from individual demand dynamics to overall ones. Individual 
demand patterns are averaged out, and market dynamics become more 
prominent. We rely on macroeconomic leading indicators to model 
these. As with the SKU-level forecasts, we build a statistical model that 
incorporates leading indicators and a machine-learning counterpart. 
For the statistical model, we rely on lasso regression, building on 
the work by Sagaert et al. [8]. For the machine learning method, 
we formulate a lightGBM that can use the leading indicators with 
the considerations prescribed below for the lasso regression. First, we 
introduce the modelling approach, and then we discuss the motivation 
for using both methods.

The lasso regression model is a popular shrinkage estimator for 
regression models [54] that can simultaneously select variables and 
provide appropriately shrunk regression coefficients. This shrinkage 
mitigates the effect of sampling uncertainty on the estimates and also 
allows the selection of variables when the number of candidate vari-
ables exceeds the available fitting sample size. This is a very useful 
property for selecting leading indicators, as the typical case is that they 
will be in the thousands, while the available sample size will be much 
smaller.

To achieve these, lasso regression uses a modified loss function from 
the usual ordinary least squares 

min
𝜷

{1
𝑛
‖𝒚 −𝑿𝜷‖22 + 𝜆 ‖𝜷‖1

}

(1)

where 𝒚 is the target time series of sample size 𝑛, 𝑿 is a matrix of 𝑝
covariates, and 𝜷 is a p-dimensional column vector with the regression 
coefficients. The shrinkage hyper-parameter 𝜆 controls how strongly the 
coefficients in 𝜷 are shrunk to zero, with 𝜆 = 0 resolving in the usual 
ordinary least squares solution. For the fitting errors, an 𝓁2 (‖⋅‖2) norm 
is used, while for the shrinkage penalty an 𝓁1. In Eq. (1), the 𝓁1 penalty 
enables coefficients to become zero, effectively removing the impact of 
the corresponding covariates from the regression. The selection of 𝜆 is 
typically done by minimising the cross-validated in-sample error.

This facilitates automatic model building. However, Sagaert et al. 
[8] also finds that lasso reaches a better selection of variables once 
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human experts pre-filtered the starting large groups of indicators. This 
results in better forecasting performance. This way, one can leverage 
the expertise of the company, without being too onerous for the ex-
perts, since they only select from large groups of indicators. Groupings 
provided by statistics bureaus were found to be sufficient. This can 
also lessen the computational load, as it can greatly reduce the pool 
of indicators for lasso to select from.

Having access to our case company, we rely on their expertise in 
their market to pre-filter indicators. This was done by interviewing 
management. The interview was based on the latest quarterly reports 
from external parties that identified factors that could influence sales 
on a tactical–strategic level. A list of keywords was curated to select a 
set of macroeconomic indicators.

In our case, the covariates are classed into three categories: (i) au-
toregressive inputs, (ii) seasonal dummies, and (iii) exogenous leading 
indicators. The autoregressive inputs are tasked with capturing time 
series dynamics present in the target series. The seasonal dummies 
allow the model to opt between a deterministic and a stochastic rep-
resentation of seasonality, the latter modelled by sufficiently lagged 
autoregressions. Although in the long-term we anticipate stochastic sea-
sonality to be more apt for business time series, for shorter samples the 
deterministic representation often performs better and it is statistically 
indistinguishable [55]. These two sets of inputs aim to explain as much 
of the target series variance as possible before any external variables 
are used.

With leading indicators there are two complexities to overcome. 
First, connections between the target and explanatory variables can be 
spurious, often due to trends or seasonalities. These co-movements will 
manifest as increased correlations, even when no causal connections 
exist. We address this by (i) first modelling these components as 
univariate information (autoregressive terms and seasonal dummy vari-
ables), and (ii) by using differenced versions of the leading indicators, 
where trend and seasonality are removed. In most cases, differencing 
will reduce correlations. This can also help lasso regression, which in 
the presence of highly correlated explanatory variables will only choose 
the maximally correlated one and ignore the rest [36].

Second, there is a question of what is the lead-order of the in-
dicators, i.e., how many periods in advance they contain predictive 
information for the target variable. In building a forecasting model 
we must ensure that the conditionality on time is retained, i.e., that 
no information from the future is used. Consider an input with a 
one-period lead. When forecasting one-period ahead, the value of this 
input is available. When forecasting two periods ahead, the value of 
the input is not available, as it is not sufficiently leading. Instead, an 
input with a two-period lead could be used. Note that the two-period 
lead is available when modelling the one-period ahead, along with 
all longer leads. The implication for modelling is that for forecasting 
ℎ-steps ahead only the leading indicators of ℎ or more periods are 
available. Therefore, the forecasting task defines the minimum lead-
orders that should be investigated. In our case, as the forecast horizon 
for the case company is 12 months, we create variables from 1 to 12 
periods of lead. This results in building ℎ different regression models, 
each corresponding to a specific forecast horizon, with an increasingly 
smaller pool of inputs. For instance, for the 12-step ahead forecasting 
model only the 12-period lead indicator variables are available. No such 
restrictions are needed for the autoregressive inputs and the seasonal 
dummies. One can extend to additional lead orders, beyond the 12 of 
our case. However, an investigation of the correlations between longer 
leads and the target series showed that there were minimal remaining 
connections and were excluded from our analysis. Some indicators with 
lead lower than 12 periods already exhibited low correlations but were 
kept in the analysis to not violate the conditionality on time.

An alternative to imposing these restrictions would be to forecast 
the indicators in 𝑿. However, this is undesirable, as 𝑿 will typically 
contain a large number of variables, require building several forecasting 
models, and, crucially, the objective of the leading indicators is to 
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capture the effect of disruptions and other structural shifts that are hard 
to forecast. Therefore, producing forecasts of those would introduce 
substantial forecasting errors in the covariates, and eventually in the 
forecasts of the target variable.

For the lightGBM the same inputs are considered, with the afore-
mentioned transformations. Here, it is helpful to contrast the two 
forecasting approaches. Lasso, being a linear regression, provides a 
transparent output, where the user can identify the most important 
leading indicators. This can both help with validating the model and 
with providing additional insights to the user. Nonetheless, captured 
interactions are linear, and in the presence of multicollinearity, lasso 
will only pick the most correlated variable of each group of covariates. 
This may not necessarily be the most causally connected variable [for 
an example of this effect, see24, where the authors warn about some 
of the selected variables]. Furthermore, lasso is very efficient when it 
comes to variable selection and estimation. LightGBM exhibits opposite 
behaviour in almost all of these dimensions. Due to the boosting 
algorithm, it obfuscates how the different inputs are used, as the final 
output is the result of an ensemble of different trees and not a single 
model. Being a universal approximator, it can model nonlinear inter-
actions, overcoming the linear restriction of lasso. However, this exact 
property weakens the use of sensitivity analysis and similar approaches 
to disentangle how its various inputs are used. Multicollinearity is 
not an estimation concern for decision trees, and likewise for GBMs. 
However, it will influence the measured importance of variables, re-
ducing the transparency of the method further. Finally, lightGBM is a 
computationally intensive method.

3.2. Hierarchical reconciliation

The SKU-based and aggregate forecasts can be arranged in a hi-
erarchical structure, with SKUs aggregating by product category, ge-
ographical location, or other demarcations that may be appropriate. 
These separate aggregations can be applicable at the same time, for 
instance, SKUs aggregating by both product categories and geograph-
ical location. An example, from our case study company, is provided 
in Fig.  3. Forecasts generated at different nodes of the hierarchy will 
generally not be aggregate consistent, that is, summing up forecasts 
to their aggregate node will not numerically agree with the forecast 
generated at that node. The forecasts are therefore incoherent, which 
is undesirable in practice, as it does not support aligned decision-
making [56]. This motivates forecast reconciliation, i.e., to modify the 
forecasts so that they become coherent.

The current thinking in hierarchical forecasting is one of forecast 
reconciliation, where forecasts are generated across all nodes of the 
hierarchy, and then reconciled so that they become coherent [18]. 
Given a collection of bottom-level time series 𝑦𝑖𝑡, with 𝑖 = 1,… , 𝑚
indexing the time series, and 𝑡 the time period, we collect them in 
column-vector 𝒃𝑡 of all bottom-level observations at period 𝑡. From 𝒃𝑡
we can construct the observations of the complete hierarchy as
𝒚𝑡 = 𝑺𝒃𝑡,

where 𝑺 is the summing matrix of dimensions 𝑛×𝑛 that maps the bottom 
level to a column vector of the observations of all time series in the 
hierarchy at period 𝑡, 𝒚𝑡, of size 𝑛. For example,

𝑺 =

⎡

⎢

⎢

⎢

⎢

⎣

1 1 1 1 1
1 1 0 0 0
0 0 1 1 1

𝑰𝑚

⎤

⎥

⎥

⎥

⎥

⎦

where 𝑰𝑚 is the identity matrix of dimension 𝑚 = 5, maps to the 
hierarchy in Fig.  2. 𝑺 can map arbitrary complex hierarchies. Note 
that this hierarchy stems from the decision structure of the forecast 
user [18] and is not data-driven.

With hierarchical forecasting we generate forecasts for each node 
of the hierarchy and arrange them in a similar fashion, where 𝒚̂
𝑡+ℎ
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Fig. 2. A hierarchy with 5 series in the bottom level, two aggregate nodes 𝐴1 and 𝐴2, 
and the top-level Total node.

contains the ℎ-steps ahead forecasts for all nodes, which can be inco-
herent. [46] show that we can obtain a coherent set of forecasts 𝒚̃𝑡+ℎ
by 
𝒚̃𝑡+ℎ = 𝑺𝑮𝒚̂𝑡+ℎ, (2)

where 
𝑮ℎ = (𝑺′𝑾 −1

ℎ 𝑺)−1𝑺′𝑾 −1
ℎ , (3)

and 𝑾 ℎ is the variance–covariance matrix of the forecast errors for 
horizon ℎ, 𝑾 −1

ℎ  is its inverse, and 𝑺′ the transpose of 𝑺.

3.3. Estimation of 𝑾

Matrix 𝑾 ℎ is 𝑛 × 𝑛 and can often be challenging to estimate, 
due to its size [46,57]. Developing reliable approximations is what 
made the forecast reconciliation approach feasible [46], and in the 
literature, there are multiple successful approximations that observe 
various simplifying assumptions [46,57,58]. Furthermore, it is common 
practice to use a single approximation for all ℎ, where all 𝑾 ℎ = 𝑾 1. 
In our case, this is undesirable, as we have different lasso models for 
each forecast horizon, therefore it is critical to obtain all 𝑾 ℎ, while 
balancing the number of parameters that need to be estimated.

To this end, we rely on the variance approximation 𝑾 ℎ, which 
prescribes a diagonal matrix with its elements being estimates of the 
forecast variance, typically obtained from the in-sample Mean Squared 
Error (MSE) of the forecasts. This approximation imposes that off-
diagonal elements are zero, and therefore assumes that there are no 
cross-effects between time series. Although this assumption appears 
strong, [57] shows that the imposed restriction has a positive effect 
on the resulting quality of the reconciled forecasts due to the lessening 
of estimation uncertainty in the elements of 𝑾 ℎ that is propagated via 
Eq. (2)  and Eq.  (3) to the final forecasts. This is to the extent that 
can make the misspecification of 𝑾 ℎ of limited consequence when the 
alternative is a weakly estimated 𝑾 ℎ.

In populating the diagonal of 𝑾 ℎ, we follow a different procedure 
depending on the method that is used to generate the forecasts, with the 
intent to minimise the number of parameters that need to be estimated. 
For exponential smoothing models there are analytical expressions of 
ℎ-step ahead forecast variances [51] which rely solely on the estimated 
smoothing parameters. For lasso we rely on empirical estimates of the 
ℎ-step ahead MSEℎ. Since the objective of lasso models is to avoid a 
minimum-MSE fit to the data, we sample the empirical forecast errors 
in a quasi-out-of-sample fashion. We conduct a rolling origin evaluation 
in the in-sample data. Using 𝑣 ≤ 𝑙−ℎ observations, where 𝑙 is the length 
of the in-sample data, we fit the lasso and produce forecasts for periods 
𝑣 + ℎ and collect the respective forecast errors. This is repeated until 
all samples have been exhausted. Naturally, longer horizons result in a 
fewer number of forecast errors, eluding to another motivation for the 
majority of hierarchical applications to use 𝑾 ℎ = 𝑾 1. For lightGBM 
we repeat the process outlined for the lasso. This is necessary for the 
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case where it uses leading indicators (at the top level of the hierarchy) 
and simplifies the methodology otherwise by keeping the approach 
consistent.

A different way to understand the connection between 𝒚̃𝑡+ℎ and 𝒚̂𝑡+ℎ
is to see the forecast reconciliation as a forecast combination, where 
all 𝒚̂𝑡+ℎ are combined into 𝒃̃𝑡+ℎ. Subsequently, by multiplying by 𝑺
the 𝒚̃𝑡+ℎ are obtained (see Eq. (2)). The forecast combination weights 
are restricted to conserve forecast coherency, according to Eq.  (3). In 
this framing, we can see that hierarchical forecasting can be beneficial 
for forecast accuracy, as it is a forecast combination, and in our case, 
will transfer the information from the leading indicators to the bottom-
level univariate forecasts. Likewise, as the estimation uncertainty of 
the forecast combination weights can harm the performance of the 
combined forecasts [59], so does the estimation uncertainty of 𝑾 ℎ, 
which motivates the choice of a restricted approximation.

3.4. Probabilistic reconciliation

For inventory management we need to calculate the safety stock, 
for which we require the appropriate quantile of the predicted demand 
distribution. Therefore, the point predictions in 𝒚̃𝑡+ℎ are insufficient. To 
obtain probabilistic expressions we follow the methodology by Pana-
giotelis et al. [17]. Given a forecasting model, one can generate es-
timates of the predictive distribution by simulating different forecast 
traces in the future by perturbing the innovation term in models. This 
can be done by bootstrapping the forecasts, which results in a distri-
bution of forecast traces in the future and corresponds to the desired 
forecast distribution. Panagiotelis et al. [17] rely on this to generate 
hierarchical probabilistic forecasts. Forecast traces are simulated for all 
nodes of the hierarchy, and each set of traces is reconciled to give a 
coherent simulated set of traces. By constructing a collection of these, 
we can obtain the hierarchical predictive distribution. The reconcili-
ation of each set of forecast traces is done using the aforementioned 
methodology, and therefore is fairly simple to implement.

Finally, note that since the lasso models are using only lagged values 
of the leading indicators, there is no additional uncertainty originating 
from these, and therefore the simulation of future forecast traces of the 
lasso is based on simply bootstrapping the observed forecast errors.

4. Case study

The proposed methodology is used to support the inventory man-
agement of a manufacturing company with a global supply chain. The 
company has its headquarters in Europe, but maintains production 
sites globally, and serves several major tyre manufacturers in multiple 
markets and countries. Given this global reach and diverse market 
portfolio, there is a large number of potential leading indicators that 
can be relevant in improving demand forecasts.

In the empirical evaluation that follows we evaluate both the impact 
on forecasting and inventory performance. Given the highly upstream 
position in the supply chain of the case company, it maintains a 
relatively small number of SKUs, which makes it ideal for extensive 
testing of our methodology. From a computational standpoint, it is 
feasible to build forecasting models with leading indicators for all SKUs, 
and not only for the aggregate level. Therefore, we can evaluate several 
different setups, forecasting the SKU demand using (i) exclusively 
univariate forecasts; (ii) exclusively forecasts with leading indicators; 
(iii) mixed approaches that leverage hierarchical forecasting, where all 
levels can be based on univariate or leading indicator forecasts, or the 
proposed blended approach. Forecasts are generated to support various 
planning requirements, for up to one year ahead.

For the period of the provided data, the case company had been 
using the Holt-Winters method. This corresponds to an exponential 
smoothing model with additive errors and slope and multiplicative 
seasonality. Following the classification by [51] this model belongs to 
Class 5, which is characterised by numerical issues and infinite forecast 
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Fig. 3. The hierarchy of the case company time series, with 𝑏𝑖 denoting the different SKUs at the bottom level of the hierarchy.
variance, due to the mixing of additive errors and multiplicative season-
ality. To illustrate this, consider non-positive values that are possible 
from the combination of the additive errors and slope, being multiplied 
by the seasonal component. Another issue is that not all time series are 
well approximated by this method. Therefore, we replace this with the 
complete exponential smoothing family of methods, that enables model 
selection and will also provide forecast variance expressions that are 
needed for the inventory management calculations.

4.1. Data

Data originate from five global plants that in total produce 14 SKUs, 
and are organised as illustrated in Fig.  3. The time series are sampled 
at a monthly frequency and span 11 years. The first 9 years are used for 
the training of the models (108 observations), and the remaining data 
are used as a test set (26 observations). The company requires a forecast 
of 12 months in the future, and this is done for the test period in a 
rolling origin setting (13 iterations). The time series typically exhibit 
some trend and seasonality, although it is not always strong.

We source potential leading indicators from the Federal Reserve 
Economic Data (FRED). The indicators consist of different types of 
data, covering different aspects of the macroeconomic dynamics. The 
complete set of possible indicators is 67 851 variables. However, as 
discussed in Section 3.1.2 we rely on pre-filtering by one of the plant 
managers, reducing the complete set to 1 011 indicators. Lagged ver-
sions of these are constructed, covering up to 12 lags, aligning with 
the maximum forecast horizon, resulting in 12 132 total variables. Note 
that this set is reduced for models of higher ℎ. For instance, for ℎ = 2
only 11 121 variables are available, while for ℎ = 12 only 1 011 remain.

4.2. Methods

All exponential smoothing models use a maximum likelihood esti-
mation, and the appropriate model form is selected using the Akaike 
Information Criterion, corrected for sample size. We rely on the smooth 
package [60] for R [61] for the implementation. For lightGBM, we use 
the similarly named R package implementation of [62] with inputs 
of auto-regressive components, 100 training rounds for each model 
and minimise the Mean Squared Error (MSE). All forecasts with lead-
ing indicators, lasso and lightGBM, use the aforementioned leading 
indicators, autoregressive lags, 11 binary seasonal indicator variables, 
and appropriately differenced versions of the indicators. For lasso, the 
𝜆 is obtained via cross-validation. The glmnet package for R [37] is 
used for the implementation of the lasso models. For the hierarchical 
reconciliation in estimating the 𝑾 ℎ we start with 108 observations 
from the in-sample data and expand with the rolling origin.

We use the following naming convention. Forecasts from exponen-
tial smoothing are denoted by E, lightGBM by G, and from lasso by L. 
When a hierarchical setting is used, then the forecasts for each level are 
given from the top to bottom level. For example, LEE uses lasso on the 
top level, and exponential smoothing in the middle and bottom levels. 
LightGBM uses leading indicators only when applied to the top level 
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of the hierarchy. at lower levels of the hierarchy, univariate lightGBM 
forecasts perform best, due to the increased variability of the time 
series.

4.3. Inventory simulation

To inform the inventory performance evaluation, we implement an 
order-up-to inventory policy with lost sales [63]. The review period is 
set to 1, while for the lead time 3, 6, and 12 months are considered. 
The inventory simulation is run for different target fill rates (from 90% 
to 99.9%), which are used to construct trade-off curves. This is done to 
provide a more informative view of the performance of the proposed 
methodology, rather than focus on a specific fill rate.

To mitigate the impact of the initialisation of the inventory levels 
and the orders in the system, we use 108 periods as a burn-in sample, 
preceding the test set. The inventory policy is left to run on that sample, 
but the performance is not used in the evaluation. Visual inspection 
demonstrated that this was sufficient for the ordering cycles to exhibit 
canonicity with minimal influence from the initial values.

4.4. Evaluation metrics

We rely on three categories of evaluation metrics, (i) forecast perfor-
mance metrics; (ii) cumulative forecast performance metrics that align 
closer to the inventory performance; and (iii) inventory performance 
metrics. These are detailed below.

Beyond evidencing the performance of the proposed methodology, 
we report the performance across these alternative metrics to contrast 
the conclusions from each. Furthermore, the evaluation is focused on 
the bottom level of the hierarchy, where the inventory decisions take 
place, following the arguments by [64] that recommend restricting the 
evaluation in a hierarchical setting to the decision-relevant levels.

4.4.1. Forecast error metrics
We are interested in tracking the accuracy and bias of the point 

forecasts, and the pinball loss that is the proper score for quantiles [65]. 
The pinball also corresponds to the appropriate loss for the order-up-to 
policy when there are backorders.

Let 𝑒𝑡 = 𝑦𝑡 − 𝑦̂𝑡 be the error for period 𝑡, and a scaling factor 

𝑠𝑝 = 1
𝑟 − 1

𝑟−1
∑

𝑡=1

(

|

|

𝑦𝑡+1 − 𝑦𝑡||
)𝑝, (4)

where 𝑝 ∈ {1, 2} is the order of the scaling factor and 𝑟 the sample of 
the training set. This changes across rolling origins, as methods have 
additional fitting samples available to them. Note that 𝑠1 corresponds 
to the mean absolute error of an 1-step ahead in-sample naive forecast, 
and 𝑠2 is the equivalent mean squared error. We use the Root Mean 
Squared scaled Error (RMSsE), the Absolute Mean scaled Error (AMsE), 
and the scaled Pinball (sPIN) that are defined as

RMSsEℎ = 1
√

√

√

√

𝑜
∑

(

𝑦𝑖+ℎ − 𝑦̂𝑖+ℎ
)2

2
,

𝑜 𝑖=1 𝑠
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AMsEℎ = 1
𝑜

|

|

|

|

|

𝑜
∑

𝑖=1

(𝑦𝑖+ℎ − 𝑦̂𝑖+ℎ)
𝑠1

|

|

|

|

|

,

sPINℎ = 1
𝑜

𝑜
∑

𝑖=1

𝑤𝑖

𝑠1
,

𝑤𝑖 =

{

(𝑦𝑖 − 𝑄̂𝑖)𝛼, if 𝑦𝑖 ≥ 𝑄̂𝑖

(𝑄̂𝑖 − 𝑦𝑖)(1 − 𝛼), if 𝑦𝑖 < 𝑄̂𝑖,

where 𝑜 is the number of forecast origins in the out-of-sample for the 
given horizon ℎ, and 𝑄̂𝑖 is the prediction for the 𝛼% quantile for period 
𝑖. We report results for 𝛼 = 0.95. All metrics are scaled to facilitate 
the calculation of summary metrics, as the different time series have 
different scales. The scaling factor can be seen as an estimate of the time 
series variance, assuming non-stationarity, and matching the loss order 
of the error metrics to avoid introducing any biases [64]. Therefore 
the metrics can be interpreted as normalised versions of the usual Root 
Mean Squared Error, Absolute Mean Error, measuring the size of the 
bias, and Pinball. We report the average errors for 1 to 3, 1 to 6, and 
1 to 12 periods ahead.

4.4.2. Cumulative error metrics
As we are interested in covering the demand over the lead time, 

the conventional way of measuring forecasting accuracy, as above, does 
not align with our objective. Instead we can replace the errors with the 
cumulative errors over the lead time as 

𝑐𝑒𝐿𝑡 =
𝐿
∑

𝑖=1
𝑦𝑡+𝑖−1 −

𝐿
∑

𝑖=1
𝑦̂𝑡+𝑖−1, (5)

where 𝐿 ∈ {3, 6, 12} is the lead time. This gives us the RMSsCE and 
AMsCE. For the pinball, its cumulative counterpart, sCPIN, is based on 
summed actuals, and quantiles of the cumulative predictive demand 
distribution. The latter is calculated by collecting a distribution of 
the cumulative forecast errors, as in (5), up to that point, estimating 
empirically from these the desired quantile, and adding the summed 
forecasted demand. Given that forecasts are generated for each period 
ahead, up to the required lead time, a challenge is to correctly account 
for the covariances between the predictive distributions of the different 
forecast horizons, which are necessary for estimating the predictive dis-
tribution over the lead time. [66] show that omitting these covariances 
can have a significant negative effect, and in the absence of analytical 
formulas for these covariances for the majority of models and methods, 
the above procedure provides good results. Note that the same is used 
for the calculation of the predictive demand quantiles that are needed 
for the safety stock of the order-up-to policy.

4.4.3. Inventory metrics
We use the average on-hand inventory, 𝐼+𝛼 , and the fill rate, FR𝛼 , 

achieved over the lead time, in the test set, for a target rate 𝛼. The 𝐼+𝛼
is scaled with the mean of the observed demand over the test period, to 
make it scale independent. This scaling factor is chosen as the demand 
series are non-stationary, and therefore the in-sample mean demand 
can be substantially different. Similarly, we avoid scaling with the per-
period demand, akin to a percentage metric, due to potential numerical 
issues. The fill rate is calculated as 

FR𝛼 = 1
𝑜

𝑜
∑

𝑖=1

𝑑𝑖(𝛼)
𝑦𝑖

, (6)

where 𝑑𝑖(𝛼) is the satisfied demand in period 𝑖 for a given target 𝛼%. 
Note that the review is at one period, and therefore the fill rate is 
calculated in every period before summarising.

5. Results

In our analysis of the results, we are interested in evidencing the 
various elements that make our proposed approach necessary. First, 
we show that the direct use of leading indicators at SKU-level series is 
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Table 1
RMSsE summary for base methods.
 Method Non-cumulative Cumulative

 t+3 t+6 t+12 t+3 t+6 t+12

 SKU-Level

 E 0.824 0.874 0.930 2.048 3.931 8.005  
 L 0.837 0.873 0.985 1.962 3.473 7.632  
 G 2.772 2.860 2.922 8.274 17.063 34.863 
 Total

 E 0.935 1.045 0.912 2.339 5.189 7.622  
 L 1.092 0.985 0.882 2.872 3.730 3.507  
 G 3.997 4.039 4.091 11.991 24.235 49.086 

problematic and does not yield accuracy or inventory benefits. Second, 
we show that although hierarchical forecasting is advantageous in 
mitigating the impact of weakly performing forecasts, it is the diversity 
of information available to forecasts across the hierarchical levels that 
maximises the benefits. This results in the proposed mix of leading 
indicators at the upper levels of the hierarchy, with univariate methods 
at the lower ones, closer to where inventory decisions are made. 
Although the specific mix of forecasting methods, statistical or machine 
learning, seems to have a small impact on the performance statistics, 
the lasso regression provides more consistent results and sufficient 
transparency to the users to identify principal leading effects in their 
business environment. Below, we first evidence these from a forecasting 
accuracy perspective, and then from an inventory performance point of 
view.

5.1. Forecasting performance

5.1.1. Base methods
Table  1 reports the RMSsE for the base methods, the univariate 

exponential smoothing (E), the lasso regression with leading indicators 
(L), and the lightGBM (G), for both the SKU-level and aggregate total 
(see Fig.  3). Recall, that for G at the SKU-level there are no leading 
indicators. These are used only at the aggregate level. Errors are pro-
vided in their non-cumulative and cumulative form. We are interested 
in validating that the leading indicators add value, with the expectation 
of observing a stronger effect on the aggregate level. We are expecting a 
similar effect for longer horizons, as the influence of leading indicators 
would become more pronounced as we move further away from the 
forecast origin. In each column, the method with the lowest error is 
highlighted in bold. We only provide the RMSsE for brevity, with the 
other metrics providing similar insights. Detailed reporting follows in 
Table  2 that focuses on the SKU-level.

For the non-cumulative errors, for the SKU-level, E remains very 
competitive, on average outperforming L. For the aggregate total the 
opposite is true, with L gaining over E for all but the shortest hori-
zons. This validates the understanding that at SKU level univariate 
methods remain competitive, as the noise in the data makes it difficult 
to build models with predicatively valuable leading indicators. This 
further supports our motivation to identify effective ways to transfer 
the information from the leading indicators at the aggregate level 
to the SKU-level series. For the cumulative errors, L exhibits better 
performance, with the difference between E and L increasing for the 
aggregate level. To understand why the ranking is inversed for the SKU-
level, we need to consider how the cumulative errors are calculated. 
From (5) we can see that it implies a summation of observations, that 
acts as a filter, reducing the focus on individual observations, and 
therefore the impact of noise. The cumulative errors connect more 
closely to the inventory decisions, as we are interested in the best 
forecast over the lead time.

The performance of G is weak throughout the Table  1. For both 
cases, this is due to limited data available for training the lightGBM. 
Furthermore, at the top-level, lightGBM has to contend with a single 
series and a substantially larger number of inputs, neither of which is 
conducive to its performance.
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Table 2
Forecasting performance at the SKU-level.
 Method Non-cumulative Cumulative

 t+3 t+6 t+12 t+3 t+6 t+12

 RMSsE

 
B

E 0.824 0.874 0.930 2.048 3.931 8.005  
 L 0.837 0.873 0.985 1.962 3.473 7.632  
 G 2.772 2.860 2.922 8.274 17.063 34.863  
 
H

EEE 0.815 0.868 0.937 2.007 3.999 7.928  
 LLL 0.912 0.969 1.076 2.188 4.161 8.422  
 GGG 1.218 1.202 1.163 3.211 6.040 10.802  
 
LU

LLE 0.879 0.931 1.019 2.024 3.920 7.979  
 LEE 0.817 0.849 0.891 1.936 3.620 6.817  
 LLG 1.022 1.035 1.063 2.511 4.675 8.239  
 LGG 1.154 1.148 1.134 2.996 5.655 10.106  
 AMsE

 
B

E 1.316 1.397 1.486 3.286 6.315 12.905  
 L 1.318 1.372 1.549 3.077 5.461 11.967  
 G 4.529 4.684 4.799 13.53 27.977 57.332  
 
H

EEE 1.298 1.381 1.487 3.222 6.426 12.780  
 LLL 1.451 1.560 1.733 3.476 6.817 13.649  
 GGG 1.921 1.894 1.836 5.065 9.516 17.046  
 
LU

LLE 1.406 1.503 1.651 3.247 6.383 13.109  
 LEE 1.307 1.354 1.419 3.121 5.794 10.890 
 LLG 1.596 1.643 1.705 3.884 7.433 13.260  
 LGG 1.809 1.799 1.785 4.681 8.833 15.716  
 sPIN (95%)
 
B

E 0.180 0.201 0.237 0.457 0.962 2.011  
 L 0.198 0.207 0.234 0.599 1.364 2.683  
 G 0.275 0.266 0.270 0.846 1.789 3.880  
 
H

EEE 0.175 0.196 0.235 0.451 0.944 2.053  
 LLL 0.205 0.219 0.246 0.544 1.227 2.224  
 GGG 0.272 0.268 0.275 0.840 1.797 3.909  
 
LU

LLE 0.174 0.187 0.232 0.438 0.967 1.603  
 LEE 0.167 0.181 0.217 0.434 0.864 1.771  
 LLG 0.203 0.210 0.248 0.550 1.124 2.450  
 LGG 0.259 0.251 0.262 0.771 1.558 3.560  
B, H, and LU, stand for base, hierarchical, and leading indicators at upper hierarchical 
levels.

5.1.2. Hierarchical methods
Table  2 reports all forecasting performance metrics for the SKU-

level, which is of interest for the inventory decisions. The summary 
across series is provided for all metrics, in their non-cumulative and 
cumulative version, with the latter showing the over-the-lead-time per-
formance. The best-performing method in each column is highlighted 
in bold. The table organises the methods according to ‘B’ for base, ‘H’ 
for hierarchical, and ‘LU’ for forecasts with ‘leading indicators at upper 
hierarchical levels. This helps understand where accuracy gains stem 
from. The RMSsE results for the base methods are the same as those 
reported in Table  1 for the SKU-level.

First, we compare the hierarchical methods (EEE, LLL, GGG) with 
their base counterparts. Starting from the RMSsE, we observe that 
EEE is on average more accurate than E, although in many cases the 
differences are small. The same improvements are not observed when 
comparing LLL and L, with LLL being in all cases less accurate. In the 
case of GGG and G, there are large improvements throughout. The 
results exhibit some consistency when we consider how hierarchical 
forecasting operates. At its core, it is a forecast combination. The 
lightGBM forecasts in the different levels of the hierarchy perform 
poorly, suggesting some model misspecification. This is ameliorated 
by the combination, where forecasts that fail in a complementary way 
can be improved upon. This is observed to a lesser extent in the case 
of exponential smoothing. In contrast, there is little that the lasso 
regression on the disaggregate time series can add to the lasso on the 
total sales, where the effect of leading indicators can be captured best. 
In this case, there is little for the forecast combination to improve on, 
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with LLL performing worse than L. A similar understanding emerges 
from the remaining metrics, AMsE and sPIN.

Next, we consider the hierarchical forecasts that use leading indi-
cators at the top level, and univariate forecasts at the lower levels of 
the hierarchy. Namely, these are the LLE, LEE, LLG, and LGG, listed 
within the group LU. Between the methods that combine lasso with 
exponential smoothing and lasso with lightGBM, the former are more 
accurate, leveraging the better performance of exponential smoothing 
over lightGBM. Nonetheless, the LLG, and LGG uniformly outperform 
GGG and G across all metrics and horizons. Focusing on LLE and LEE, 
the latter exhibits lower RMSsE, AMsE, and sPIN, across all horizons. 
We already saw that applying lasso to the SKU-level (L) performs 
poorly. Applying lasso to the intermediate level of the hierarchy results 
in relatively better performing forecasts, which nonetheless do not 
improve upon simply using univariate forecasts that at that level, as 
LEE does. LEE is one of the best-performing methods throughout and 
when it does not rank best, it is a close second. This is validated across 
all metrics.

The conclusions we can draw so far are the following. Hierarchi-
cal forecasting can reduce large forecast errors, for instance, those 
exhibited by the lightGBM forecasts, but does not always lead to 
better results. When lasso forecasts on SKU-level are included, which 
incorporate leading indicators, then the performance of the hierarchical 
forecasts suffers. However, when we use leading indicators only on the 
upper levels of the hierarchy, then we obtain the best-performing re-
sults throughout metrics and horizons. This is due to the univariate and 
the leading indicator forecasts having complementary errors that can be 
used by the forecast combination implied in hierarchical forecasts to 
obtain better results (the quality of the forecast combination depends 
on the covariance between the errors of the forecasts combined). The 
leading indicators help capture changes in the observed sales that 
are not explained by their univariate structure. Instead, univariate 
models throughout the hierarchy err similarly, leaving less space for 
the forecast combination to improve the outcome.

Considering the differences between cumulative and non-cumulative
results, the use of leading indicators results in larger differences in the 
cumulative case, which also connects more closely to the inventory 
decisions. The non-cumulative errors ignore any error covariances 
across horizons, as the performance for each horizon is calculated 
separately and then averaged to provide the figures in the table. The 
intuition between these covariances is that large errors will negatively 
affect future performance. Cumulative errors account for this [66]. The 
value of the leading indicators is seen not only in reducing long-term 
errors but also in reducing these covariances, suggesting that forecasts 
that use them can capture more information making errors that are less 
correlated and more random.

We observe improvements across all metrics. In terms of bias 
(AMsE), L and LEE rank highly (except for non-cumulative t+3, where 
EEE ranks first, followed by LEE). We anticipate this to translate to 
favourable inventory performance, as there is empirical evidence that 
bias connects to that [e.g.,67]. The differences in bias become starker 
for longer lead times, and therefore we expect to see larger gains 
in inventory there. The sPIN in a newsvendor setting with no lost 
sales corresponds to the inventory performance. Our inventory setting 
includes lost sales, so the connection in our simulations will be weaker 
but sPIN is still indicative. LEE dominates for most cases, except for the 
cumulative t+12 where LLE, another method with leading indicators, 
exhibits lower sPIN.

5.1.3. Top level leading indicators methods
Table  3 compares the LEE that overall resulted in the top performing 

forecasts with GEE. GEE uses a lightGBM with leading indicators at the 
top level and univariate exponential smoothing forecasts for the middle 
and SKU-levels. Although LEE remains the overall best, the differences 
between the two methods are small. Even though lightGBM suffers from 
a limited training sample, its forecasts complement the univariate (and 
well-performing) disaggregate forecasts. This is in agreement with the 
previous intuition from the forecast combination, of why using leading 
indicators at the aggregate levels of the hierarchy is beneficial.
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Fig. 4. The effect of hierarchical reconciliation on inventory performance curves.
Table 3
Forecasting performance at the SKU-level.
 Method Non-cumulative Cumulative

 t+3 t+6 t+12 t+3 t+6 t+12

 RMSsE

 LEE 0.817 0.849 0.891 1.936 3.620 6.817  
 GEE 0.810 0.856 0.914 1.981 3.877 7.589  
 AMsE

 LEE 1.307 1.354 1.419 3.121 5.794 10.890 
 GEE 1.291 1.361 1.451 3.180 6.230 12.213  
 sPIN (95%)
 LEE 0.167 0.181 0.217 0.434 0.864 1.771  
 GEE 0.173 0.193 0.231 0.439 0.922 1.988  

5.2. Inventory performance with lost sales

Fig.  4 plots the inventory performance in terms of realised fill rate, 
as calculated in (6), against the remaining scaled stock on-hand, for the 
shortest and longest lead times. The results of the omitted lead time are 
proportional and excluded for brevity. We plot the 1-(fill rate), focusing 
on the unmet demand, which connects to the lost sales. Naturally, as 
the inventory increases, there will be more leftover on-hand and the 
1-(fill rate) will tend to zero. Therefore, the best-performing method 
is the one that can achieve the lowest amount of lost sales for the 
minimum amount of stock on-hand, which means that curves closest 
to the lower-left corner dominate other solutions.

In Fig.  4 we first compare base forecasts with their hierarchical 
counterparts. For the 𝑡 + 3 lead time, the differences in performance 
are relatively small, with only G and GGG being substantially different 
and worse, reflecting the accuracy results reported in Table  2. The 
more challenging 𝑡 + 12 lead time separates the performance of the 
methods further. In the longer term, leading indicators will have more 
opportunity to capture changes in sales, as in the very short term 
there is limited time for disruptions to develop to their full effect. 
Nonetheless, observe that L performs rather weakly and is grouped with 
G and GGG. L is attempting to model leading effects directly at the 
SKU-level and is found to be ineffective. In case of E and EEE both 
are strong performers, with EEE having an edge over E. From these 
comparisons we can see that hierarchical forecasting does not lead to 
consistent benefits for inventory, echoing our findings from the various 
accuracy metrics.

In Fig.  5 we compare the results of E, L, LEE, and LLE. Even though 
in the short term we do not anticipate large differences, we can see 
that for high fill-rates both LLE and LEE outperform E. L is not able to 
achieve these high fill rates. For the 𝑡+12 lead time the differences be-
come more pronounced, with LEE leading with small differences from 
LLE and with substantial gains from E. Including leading indicators at 
the upper level of the hierarchy results in substantial inventory gains 
at the SKU-level over standard univariate forecasts.
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We note that both LEE and LLE perform well. We explore this 
further in Fig.  6 where we compare LLL, LLE, LEE, and EEE, i.e., all the 
possible different options for a cutoff of the inclusion of leading indica-
tors. In the shorter lead time, the various curves cross and overlap. LEE 
(marginally) leads for higher fill rates, while LLE does so for the upper 
part of the figure. In agreement with previous evidence, for the short 
lead times, there is limited space for leading indicators to provide a 
clear benefit. For the longer lead time, LEE leads consistently, although 
different alternatives are close to it for different fill rates. Therefore, we 
see that when there is a sufficient horizon for the leading indicators to 
be impactful, including them at the top level of the hierarchy provides 
consistent gains, while including them directly at the SKU-level (see 
LLL, and L in Fig.  4) harms inventory performance. Finally, in Fig. 
7 we compare the performance of LEE and GEE which use lasso or 
lightGBM base forecasts at the top level that include leading indicators. 
Both perform very similarly, suggesting that it is the inclusion of the 
information that provides the gains.

The results of the inventory simulation, where lost sales are consid-
ered, largely agree with the outcome from the sPIN evaluation reported 
in Tables  2 and 3. In the short term leading indicators offer gains, 
but these are typically small. On the other hand, they offer more 
substantial benefits for longer lead times. When it comes to how to 
include these indicators, doing so directly at the SKU-level can be 
damaging, with standard exponential smoothing (E) performing best 
in almost all cases. However, when these are included at the upper 
levels of the hierarchy, they result in more substantive gains. There 
is some robustness in terms of how these are included. Although the 
LEE method is the one that leads in terms of overall performance, 
LLE and GEE are fairly close. Finally, although hierarchical forecasting 
can leverage the complementary information included even in poorly 
performing forecasts, without using leading information solely at the 
upper levels of the hierarchy and univariate forecasts at the lower ones, 
its maximal gains cannot be attained.

5.3. Influence of aggregate forecast across horizons

Matrix 𝑮ℎ contains the combination weights of all base forecasts to 
the reconciled bottom-level forecasts. Each row in the table contains 
the combination weights of the based forecasts that correspond to a 
single reconciled SKU-forecast. Fig.  8 plots the average contribution of 
each hierarchical level across horizons for the LEE case. The average is 
calculated across forecast origins, where 𝑮ℎ is re-estimated, and across 
SKUs. Only the weights of nodes that are directly connected to an SKU 
are used for this plot. For example, in Fig.  3 for 𝑏1 only the weights for 
𝑏1, Plant1, and Total are considered. Other nodes in the hierarchy have 
a residual contribution, which is excluded here for clarity.

As the forecast horizon increases, the influence of the top-level, 
which is based on the model that includes the leading indicators, 
increases as well. The mid-level’s contribution remains fairly constant, 
while the bottom-level, i.e., the base SKU forecast’s, contribution de-
creases. Considering that in the calculation of 𝑮  the variance of the 
ℎ
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Fig. 5. Inventory performance when leading indicators are used at the upper levels of the hierarchy.
Fig. 6. Inventory performance curves for different levels including leading indicators.
Fig. 7. Inventory performance curves (target fill-rates range from 90.0% to 99.9%).
Fig. 8. Average percentage contribution of each hierarchical level across forecast 
horizons.
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forecast errors is used for 𝑾 ℎ, the usefulness of lasso becomes clear. 
Lasso, using leading indicators can obtain relatively smaller errors 
than the univariate forecasts for longer horizons, making use of the 
information contained in the leading indicators. For shorter horizons, 
there is limited space for the leading indicators to have an important 
role. Conversely, the mid-level, which takes advantage of some noise 
filtering due to the aggregation, but not of leading indicators, does not 
exhibit an increasing contribution as the horizon increases.

These insights help us understand further the reported results in 
Table  2 and Fig.  5. For longer horizons, the usefulness of E drops, 
corresponding to poorer forecasting and inventory results. This also 
explains the increasing difference in the performance of LEE from the 
methods that rely exclusively on univariate forecasts as the horizon 
increases.

5.4. Choice of leading indicators

Having demonstrated the positive impact of including leading indi-
cators in the demand forecasts and their increasing importance over 
longer lead times, we investigate the nature of the selected leading 
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Fig. 9. Average percentage contribution of each group of indicators across forecast horizons via judgemental grouping (left) and via clustering with machine learning (right).
indicators. We rely on LEE for this analysis, as lasso regression gives 
a direct view of how each input variable contributes. We use two 
approaches to group the selected indicators. Our first approach is to 
judgementally group the indicators. Although this approach is manual, 
it has the advantage that market expertise can be used in the semantic 
grouping of the leading indicators. The second approach is model-
based and therefore scalable. We rely on sentence-BERT by Reimers 
and Gurevych [68] (Sentence-Transformers package) to semantically 
cluster the names of the indicators. In brief, sentences are tokenised in 
numerical vectors. These are then clustered using a k-means algorithm 
and the Euclidean distance. For naming each cluster we trialled using 
Large Language Models to automatically obtain short descriptions, 
however, this was ineffective, and we refined those judgementally.

Fig.  9 summarises the percentage that each group contributes to the 
pool of selected leading indicators per forecast horizon, ordered from 
biggest to smallest. Judgemental grouping is on the left and the sBERT 
clustering on the right. Matching categories are plotted with matching 
colours. These groups cover multiple related indicators, across different 
countries, and all the relevant lags.

For the judgemental grouping there are some dominant groups, 
such as Vehicle Use, Vehicle Registration, Energy, and Fuel, which on 
average contribute from 70 to 80% of the selected indicators. All the 
remaining groups account for the rest of the selected variables. The 
contribution of the groups does not remain constant over time, with 
some clear dynamics being evident. The indicators in the group Car 
Registrations are dominant for short horizons, but become replaced by
Energy and Vehicle Sales for longer horizons. We similarly observed 
a gradual reduction of the importance of the Vehicle Use group over 
increasing horizons. On the other hand, groups like Fuel and Labour
have a more consistent behaviour throughout the different forecast 
horizons.

For the SBERT clustering, we can see that the group Car Regis-
trations has a similar shape compared to the group formulated based 
on judgements. For other groups, the comparison is less clear, as 
both the naming and the coverage of the groups differs, There are 
similar tendencies, such as the increased contribution over the forecast 
horizon of Vehicle Sales (for both cars and trucks) on the left, and 
the Truck Manufacturing on the right plot, which contributes in the 
medium and long term. The Freight Employment cluster has a much 
narrower scope: employment specifically in freight transportation. Its 
contribution is clear as more employment means more road transport 
and more need for tyres. The group overlaps with the Vehicle Use and
Labour from the left plot. In both cases, we can see this has a large 
contribution in the short term and a smaller contribution for longer 
horizons. Although there is an overlap, the similarities are less clear for
Energy & Fuel (left) and Energy Prices, Utility Prices & Liquid Fuel Prices
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Table 4
Number of leading indicators in lasso and lightGBM.
 Horizon Lasso LightGBM Common

 1 23.2 226.5 2.0  
 2 31.4 219.7 3.6  
 3 32.0 224.4 3.4  
 4 30.7 220.1 3.4  
 5 36.5 214.5 4.2  
 6 33.5 214.8 5.8  
 7 34.5 204.2 5.5  
 8 35.4 194.2 7.0  
 9 36.8 185.8 7.6  
 10 37.3 168.5 9.6  
 11 33.2 155.4 9.1  
 12 30.3 138.4 12.8  

(right). For the right plot in Fig.  9, we can see that Freight Employment
and Vehicle Transport represent 20%–40% of the contributions, together 
with Car Registrations, Truck Manufacturing, Energy Prices and Utility 
Prices contribute on average from 70 to 80%.

In conclusion, both approaches have some complementarity. We 
argue that the judgemental approach provides more intuitive groups, 
that also exhibit a more natural evolution over time. However, this 
is a time consuming process, that sBERT can automate. The latter 
provides narrower groups with more volatile contributions over time. 
Ultimately, it is a question of resources, with a preference towards the 
judgemental approach that can incorporate contextual expertise.

Finally, this exploration can support the qualitative validation of 
the models, where the inclusion of specific leading indicators can be 
challenged.

We use SHAP values [41] to elucidate how the different inputs are 
used by the lightGBM. These track the contribution of each input to 
the output of the method. We find that lightGBM uses a far larger 
number of inputs compared to the lasso. Table  4 presents the average 
number of indicators used, across forecast origins, by the two methods, 
and the number of indicators present in both (we use the judgemental 
clustering of lasso indicators). LightGBM uses at minimum more than 
four times and at maximum almost ten times more the number of 
indicators that lasso does. Furthermore, there is little overlap in the 
number of commonly selected indicators.

This illustrates a fundamental difference between the two modelling 
approaches. Lasso provides a sparse selection that makes it easier for 
managers to both validate and gain new insights into market drivers. 
The number of chosen indicators for the lightGBM can be overwhelm-
ing, substantially reducing the ability of users to correctly account for 
how all the different leading indicators contribute to the predictions. 
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This can lead to simplified mental models that can be erroneous and 
lead to misinterpreting the lightGBM modelling of the business-relevant 
indicators. Additionally, the lasso prescribes linear contributions, while 
the exact nature of how each indicator affects the output of the light-
GBM is challenging to disentangle due to the boosting and ensembling 
used. The performance metrics indicated a small advantage of lasso 
over lightGBM, which together with the interpretability of the former, 
make a compelling case in its favour for our case.

6. Discussion

We found it is more beneficial to introduce leading indicators at the 
top level of the hierarchy, rather than at the disaggregate level where 
the inventory decisions are taken. To better understand why this is the 
case, and the applicability of this finding more widely to other cases, 
we focus on the aggregation implications for the time series due to 
the hierarchical treatment. We consider unknown demand-generating 
processes, where each time series 𝑦𝑖 has a conditional mean 𝜇𝑖𝑡 and a 
conditional variance 𝜎2𝑖𝑡, conditioned on all information up to period 𝑡. 
Naturally, we do not expect these to be constant over time, reflecting 
the existence of various time series patterns. For each time series we 
can devise the signal-to-noise ratio as 𝜇𝑖𝑡∕𝜎𝑖𝑡. Since regressions model 
the conditional expectation of a target variable, the higher the signal-
to-noise ratio of a variable, the more information a regression can 
capture. Conversely, higher 𝜎𝑖𝑡 corresponds to higher standard errors 
for the coefficients of the regression that makes it harder to elucidate 
the effect of explanatory variables. This case would make modelling 
leading indicators challenging.

Aggregating across all 𝑚 series at the bottom level of the hierarchy, 
the conditional mean of the aggregate top level series 𝑦𝑇 𝑡 is

𝜇𝑇 𝑡 =
𝑚
∑

𝑖=1
𝜇𝑖𝑡,

and its variance is 

𝜎2𝑇 𝑡 =
𝑚
∑

𝑖=1
𝜎2𝑖𝑡 + 2

𝑚
∑

𝑖,𝑗=1
𝑖≠𝑗

Cov (𝑦𝑖𝑡, 𝑦𝑗𝑡) =
𝑚
∑

𝑖=1
𝜎2𝑖𝑡 + 2

𝑚
∑

𝑖,𝑗=1
𝑖≠𝑗

𝜌𝑖𝑗𝜎𝑖𝑡𝜎𝑗𝑡, (7)

with covariances expressed as the product of the correlation between 
two series and their standard deviations. As long as the relative increase 
of 𝜇𝑇 𝑡 is larger than that of 𝜎𝑇 𝑡 the signal-to-noise ratio of the aggregate 
series will increase, which is beneficial for regression modelling. From 
(7) we can see that this depends on the correlation of the bottom-level 
series. When 𝜌𝑖𝑗 = 0 the increase in variance is only due to ∑𝑚

𝑖=1 𝜎
2
𝑖𝑡. 

The intuition is that for independent demand series 𝜇𝑇 𝑡 will increase 
faster than 𝜎𝑇 𝑡. To see why this is the case, if there are only two series 
at the bottom-level then 𝜎2𝑇 𝑡 = 𝜎21𝑡+𝜎22𝑡 which prescribes a triangle with 
sides 𝜎1𝑡, 𝜎2𝑡, and hypotenuse 𝜎𝑇 𝑡 whereby the triangular inequality 
𝜎1𝑡 + 𝜎2𝑡 ≥ 𝜎𝑇 𝑡. This is known to hold for the 𝑚-dimensional case. 
Therefore, when we contrast this to 𝜇𝑇 𝑡 we can see that when the 
bottom-level series are independent it is expected that the signal-to-
noise ratio of 𝑦𝑇 𝑡 will be favourable since the increase in 𝜇𝑇 𝑡 will be 
larger. Negative correlations strengthen this further as they reduce 𝜎2𝑇 𝑡, 
while strong positive correlations between time series are detrimental, 
with the sizes of 𝜎2𝑖𝑡 and 𝜎2𝑗𝑡 becoming relevant in finding how large 𝜌𝑖𝑗
can be for ∑𝑚

𝑖=1 𝜎
2
𝑖𝑡 ≥ 𝜎2𝑇 𝑡 to still hold.

In general, at the bottom level of the hierarchy we anticipate 
observing diverse correlations between products, with all correlations 
being strongly positive being unlikely. This is understood intuitively as 
the noise of the bottom-level time series being partially cancelled out 
at the more aggregate levels, and suggests that it is highly likely that 
our proposed approach of modelling the effect of leading indicators at 
the top level of the hierarchy and transferring their effect to the disag-
gregated ones through the hierarchical mechanism will be beneficial. 
Fig.  10 plots the correlations between the bottom-level time series for 
our case company, where it is evident that many series have low or 
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Fig. 10. Correlations between bottom level series (see Fig.  3). The squares (size and 
colour) and the values within represent correlations.

negative correlations, in agreement with the observed ability of lasso 
regression to model the effect of the leading indicators at the top level 
of the hierarchy. Exploring the correlation structure of the bottom-level 
demand series can help guide analysts to decide whether to adopt the 
proposed approach.

7. Managerial implications

Our collaborating firm operates globally, facing multiple macroeco-
nomic environments as well as being susceptible to global disruptions. 
Leading indicators have the potential to give early signals for man-
agement to act upon. Although we are not the first to make this 
observation [e.g.,8], previous work provided this modelling on a strate-
gic and tactical level, leaving it up to management to identify how 
to best act upon this information. Instead, our focus has been on 
providing a tool to support the operations of the manufacturer. We 
demonstrate that the proposed approach can provide automatic and ob-
jective modifications of the otherwise univariate forecasts that support 
inventory decisions. This lifts the burden of management to judgmen-
tally intervene to account for novel tactical and strategic information 
due to leading indicators. Such adjustments are both time-consuming 
and potentially biased [11,13], our approach frees up management 
from this task, allowing them to focus on alternative value-adding 
activities that humans perform better than statistical models, such as 
the incorporation of contextual information not available to models, for 
instance, due to its unstructured nature. There is evidence that humans 
having to deal with multiple aspects of adjusting forecasts can lead to 
information overload with negative effects on performance [14].

In terms of implementation, we rely on publicly available leading 
indicators, sourced from statistics bureaus. This limits data costs, al-
though it does not preclude sourcing data from proprietary databases. 
Furthermore, our approach does not require a complete overhaul of the 
forecasting process. The SKU-level forecasts can continue operating as 
is, with the leading indicator model connecting to those through hierar-
chical forecasting. Hierarchical forecasting can be seen as a follow-up 
step after the generation of the base forecasts. However, in the case 
of our collaborating firm, the SKU-level forecasts were found to be 
unnecessarily constrained to a specific type of exponential smoothing, 
and the use of other types of exponential smoothing is advised. We 
investigate the use of both statistical and machine learning approaches, 
namely lasso regression and lightGBM. Although performance-wise LEE 
and GEE are comparable both in terms of forecast accuracy and inven-
tory performance, lasso is much simpler and more transparent. This 
transparency can aid in having trustworthy forecasts, which themselves 
are becoming of increasing importance for firms [21,34]. On the one 
hand, being able to see which leading indicators are selected by the 
model allows managers to validate the knowledge captured by the 
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model, and on the other hand, helps them to better understand the 
intricacies of the markets they operate in. From an implementation 
point of view, there are further forecasting process design and soft-
ware considerations, beyond our case firm, that we expand on in the 
conclusions below.

Ultimately, this work shows that leading indicators are important 
for operations, beyond tactical and strategic predictions and decision 
making. This paper provides the toolset to achieve this, reusing existing 
operational forecasting infrastructure. By showing how leading indica-
tors enhance the otherwise univariate forecasts, managers at various 
functions of the organisation can have a more aligned view of key 
drivers in their market.

8. Conclusions

Inventory management is typically supported by univariate fore-
casts, due to the inherent noise of SKU-level demand data, as well as 
the scale of the forecasting challenge that can impose computational 
restrictions in a practical setting [4]. On the other hand, such models 
cannot anticipate substantial changes in demand patterns. One can 
use leading indicators to model these changes. However, these models 
are difficult to deploy on SKU-demand data. This research proposes 
a methodology that can (i) automatically identify predictively useful 
leading indicators at a macro-level and (ii) relay this information 
to SKU-level demand forecasts. In doing so, we address the various 
technical challenges that arise. We find that the inclusion of the leading 
indicator information is more critical than the forecasting method used 
to achieve that.

The proposed methodology translates macro and global market 
information to the level of operational decision-making at SKU de-
mand. The different elements in our methodology are investigated 
separately to assess the source of improvement in forecasting and 
inventory. The gains cannot be attributed solely to any single of the 
following elements: leading indicators, lasso methodology, lightGBM, 
or hierarchical modelling. Even though each element has a positive 
effect, we provide evidence that the maximal improvements come from 
the proposed methodology of joining these elements. We provide a 
theoretical explanation of why this is the case and guidelines of when 
to anticipate the reported benefits.

We deploy this to aid the inventory management of a global manu-
facturing company. We demonstrate the benefits for lead times relevant 
to their operations, both with and without lost sales, reflecting different 
supply arrangements with their customers. We show that hierarchical 
models with leading indicators can incorporate market externalities and 
they gain increasing importance for longer horizons. Our methodology 
can provide management with insights on the most important leading 
effects, and how they differ for shorter or longer lead times, facilitating 
a better understanding of the forces that affect the market they operate 
in.

Furthermore, the proposed approach is relatively easy to implement, 
as the more expensive model with the leading indicators is necessary 
only at the most aggregate level for our case company. The rest of the 
forecasts can remain exponential smoothing based.

The selection of the leading indicators was largely automated, which 
simplifies the implementation of the proposed methodology to other 
firms. The process involved an initial step where experts from the 
company selected from large categories of indicators, from which the 
model made the final selection. The incorporation of human expertise 
was done in an ad-hoc fashion, but indicates that there may be addi-
tional benefits in identifying how to best support experts in refining 
their choices. This is operationally relevant as the model remains in 
use over long periods, where periodic calibration will be necessary. 
Future research on refining the incorporation of human expertise, and 
optimising the recalibration of the model, from a process perspective, 
can further enhance the usefulness of the proposed methodology for 
practice.
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Our work has a number of limitations that invite future inves-
tigation. Although we are favourable to the use of lasso due to its 
transparency, we highlight that increasing the number of potential 
leading indicators can become challenging for the model and com-
putationally demanding. We evidence that alternative methods, such 
as lightGBM, are viable, and therefore future research should explore 
additional modelling alternatives. This also relates to the inclusion of 
additional classes of leading indicators that may be relevant in other 
application contexts. Furthermore, here we rely on the organisational 
hierarchy to guide the reconciliation process. Building on the argument 
that aggregation of series can be beneficial for the identification of 
relevant indicators, future research can investigate data-driven group-
ings of series to maximise this effect. We evidence the benefits of 
the methodology on fill rates. However, our simulation does not fully 
reflect the various ordering and supply chain costs that organisations 
face. Overcoming this, together with additional empirical evidence 
are welcome extensions of this work. Finally, in this study we do 
not consider the effect of revisions of the macroeconomic variables. 
Arguably, if the models are recalibrated at every forecasting cycle this 
is not an issue, however, it may make the selection of the leading 
indicators volatile, reducing the trustworthiness of the solution.

Finally, in this research, we demonstrate the benefits of relying on 
cross-sectional hierarchies, i.e., aggregating across products or other 
natural demarcations for a company. We do not consider temporal 
hierarchies, where data are aggregated over longer time intervals. Be-
yond any modelling implications, this can provide access to additional 
leading indicators that are available at lower sampling frequencies 
than the inventory review frequency. Future directions of research 
could explore the usefulness of cross-temporal hierarchies [49] that 
incorporate aspects of both cross-sectional and temporal hierarchies to 
expand the pool of leading indicators and also potentially improve the 
aggregate model accuracy and by extension the SKU-level inventory 
decisions.
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