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Abstract: - This work evaluates the forecasting performance of first-order autoregressive Markov Regime
Switching (MRS) models to forecast demand in four retail units of the “Paghi Poco” supermarket chain, a
national retail chain based in Sicily. In mind of the rapid pace of digitalization in retail and despite the
increasing availability of point-of-sale (POS) data, we underline the value of analytical forecasting models that
will aid operations management by modelling demand shifts. Specifically, we show that the MRS models will
capture the regime shifts between low and high demand regimes that are present in the historical sales data by a
back-testing methodology that draw upon an extended history of sales data, which contributed to a better
understanding of market dynamics. The results show improvements in forecasting model performance when
compared to traditional simpler models, demonstrating the probability of improved decision-making and
enhanced agility and resilience to the retail supply chain via the MRS approach.
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1 Introduction environments, especially in decentralized grocery

Within retail settings demand forecasting is a chains, is largely open. In this paper, we employ a
strategically imperative force for aligning demand ﬁrst-order.autoregressive regime-switching rpodel to
and supply inputs to the marketplace. The quality of the “Paghi Poco” supermarket chain in Sicily. The
demand forecasting has an immediate influence on stores chosen are the authors’ best available match
supply chain management decisions, pricing, and for broadly differing demansi patterns grising from
promotional calls for action. However, traditional local socio-economic conditions. This objective
linear forecasting approaches typically do not encompasses two specific downstream objectives: to
encapsulate the discontinuities and non-linear evaluate the predictive performance of MRS in
dynamics that often characterize retail data capturing regime-dependent demand fluctuations

especially with seasonality, macroeconomic shocks and to compare its operational forecasting
or customer preferences evolving over time. To performance with more traditional methods, such as

address these limitations, the present study ARIMA. This work aims to eventually assist in j[he
investigates the capacity of Markov Regime design of more adap.tlve and robus.t reta1.l planning
Switching (MRS) models as an alternative systems in an unpredictable, dynamic environment.
forecasting strategy to obtain latent structural

transition of demand time series, specifically MRS

models yield separate classifications of sales 2 Literature Review

behavior across multiple regimes with distinctive Much research on retail economic and demand
statistical dynamics and the enhanced ability to forecasting has been conducted using both linear
respond and detect both sudden and cyclical and non-linear modeling. Regime-switch models,
fluctuations in consumer behavior. Although both introduced in [1] for business cycle analysis, have
have widely been used in macroeconomic and been shown to be effective in representing structural
financial contexts, their utilization in retail breaks and phase shifts that may be hidden in time
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series data. MRS models improve interpretability
and flexibility of forecasts in uncertain
environments through the identification of regimes
directly from the data. In line with this work, recent
applications such as [2] and [3] have validated the
robustness of regime-switch models against
inflation and interest rate models. These works
highlight the importance of regime identification in
cases of high sensitivity to external perturbations
and in contexts of behavioral change. Although used
primarily in macroeconomic and financial settings,
there has been a recent surge in the application of
MRS analysis to the retail sector. [4] for example,
found improved retail sales forecasting in emerging
markets with a regime-dependent logic, while in
other studies reinforced the benefits of nonlinear
techniques to detect the presence of asymmetric
demand patterns. Despite these challenges, there is
both a theoretical and empirical lack of studies on
the use of MRS models in the context of localized
retail sales forecasting and in the case of multi-store
environments where demand profiles tend to be
sporadic and diverse, [5], [6], [7], [8], [9]. The
present study aims to fill this gap by designing a
regime-switching model that is aligned with the
specific dynamics of the “Paghi Poco” supermarket
network. In this way, it also contributes to the
growing attention paid to data-driven decision
support tools in the supply chain management
literature, as well as to its practical implications on
strengthening the resilience of store-level forecasts.

3 Methodology

3.1 Data Collection

The data set used in this study is based on the
demand of the four different supermarkets named
“Paghi Poco” which is registered in the meanwhile
in four different cities in Sicily that are Palermo,
Messina, Trapani, and Agrigento. The sampling
interval is from November 28, 2023 to October 13,
2024, which is 319 d in a raw. Target arecas were
chosen to maximize coverage of Sicilian territory
and to span a variety of consumer markets to enable
a broad analysis of the behaviors of regional
consumer. The raw demand values were
transformed into logarithmic values, to reduce noise
and enhance the transparency of the model. This
prior preprocessing helps to stabilize the variance of
the observations; this is particularly useful in
modeling economic time series, as they usually have
highly dispersed data. To verify whether the four
stores exhibited significantly different demand
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dynamics, a preliminary one-way Analysis of
Variance (ANOVA) was conducted on the log-
transformed demand series. The results of the
analysis (F = 319.27, p < 2.2 x 107 '®) reveal
substantial and statistically significant differences
among the stores. This finding supports the decision
to adopt an individualized modeling strategy,
whereby separate regime-switching autoregressive
models are estimated for each point of sale.

3.2 Model Specification

The first-order autoregressive Markov Regime
Switching (MRS) model is specifically designed to
reflect the complexities of demand processes by
allowing for multiple regimes, with regime-specific
statistical properties. The section reviews the model
specification, including  the  mathematical
representation of the model, regime definition, and
underlying dynamics.

3.2.1 Mathematical Formulation
The basic form of the first-order autoregressive
MRS model is expressed as:

Vi =ps, +05.Y1 + & 1)
where:
® U, intercept in the state s,
e Y, is the logarithm of demand at time t
e @ is the autoregressive coefficient,

reflecting the impact of the previous
period's demand on the current period in the
state s;

& is the error term, assumed to be normally
distributed with zero mean and regime-
specific variance: &, ~ N (O, aszt)

This formulation captures the essence of
autoregressive behavior while accounting for
regime-specific dynamics.

3.2.2 Regime Definition

In the context of autoregressive-switching models,
such as MS-AR(1), defining hidden states is
important for identifying potential structural breaks
in time series. These models are very effective at
identifying sudden changes, for instance moving to
different phases of a market or moving to a seasonal
demand period. In a MS-AR(1) model, the observed
process is defined and characterized as a driving
autoregressive model. There is also an unobserved
state variable driven by a discrete-time Markov
chain. The model parameters written in Equation (1)
is for the number of regime S that is a priori known
for the model (or can be discovered from selection
via good model selection; AIC, BIC). Estimation
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may rely on iterative approaches such as the EM
algorithm or Bayesian approaches arriving at:
e Regime-specific autoregressive parameters;
e Transition probabilities between regimes;
e Smoothed regime probabilities indicating
the likelihood of being in a given regime at
time t

These smoothed probabilities allow for dynamic
segmentation of the series into distinct regimes,
offering insights into regime persistence and
underlying drivers. Regime identification emerges
endogenously from the data, without pre-imposed
structural breaks. MS-AR models thus provide
robust tools to analyze and interpret nonlinearities in
economic time series, supporting advanced
forecasting and decision-making processes. In this
study, the application of an MS-AR(1) model leads
to the identification of two distinct regimes that
reflect contrasting demand conditions in the
supermarket context:

e High-Demand Regime (s; = 1): Sales are
likely to increase due to favorable
conditions such as effective promotions,
high customer confidence, and seasonal
peak.

e Low-Demand Regime (s;=2): This
regime reflects periods of subdued sales
possibly  associated  with  economic
downturns, intensified competitive pressure,
or off-season dynamics.

The model’s intrinsic capability to alternate
between regimes in response to observed patterns
allows it to adapt effectively to evolving market
conditions and shifts in consumer behavior, thereby
enhancing the forecasting  precision  and
interpretability of demand trends.

3.2.3 Markov Process Dynamics

The regime-switching process is governed by a first-
order Markov process, which means that the future
state is entirely dependent on the current state. The
transition probabilities between regimes are defined
as follows:

P(St = jlSe-1 =1) = pyj (2)
where p;; denotes the probability of transitioning
from regime i to regime j. The transition matrix P is
specified as follows:

p= (P11

o P12)

P22 @)
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The elements of the transition matrix provide
insights into the likelihood of regime shifts. For
instance:

® p;, indicates the probability of remaining in

the high-demand regime

e p,, reflects the probability of transitioning

from the high-demand to the low-demand
regime

® p,; shows the probability of switching back

to the high-demand regime from a low-
demand

® p,, signifies the probability of staying in the

low-demand regime.

In addition to parameter estimation, the MSM-
AR(1) model computes regime probabilities
essential for model classification.  Filtered
probabilities, calculated recursively via forward
filtering [1], represent the posterior probability of
being in a regime at time ¢ given the information up
to t. Smoothed probabilities, derived via backward
smoothing [2], use the entire sample and provide a
holistic view of regime transitions. Together, these
probabilities enhance the interpretation of regime
dynamics.

3.2.4 Parameter Estimation and Model
Assumptions
The parameters of the MS AR(1) model are
estimated using Maximum Likelihood Estimation
supported by the Expectation Maximization
algorithm. The model uses a likelihood function
based on the observed data and unknown
parameters. In the Expectation step, the algorithm
calculates expected values of hidden state variables
given current parameter estimates, reflecting the
probability of being in a specific regime at time t.
The Maximization step updates regime-specific
means, variances, and transition probabilities by
maximizing the expected log likelihood. This
process is repeated until the maximum likelihood no
longer increases, which is usually assessed by the
stability of the log likelihood. Model adequacy is
assessed using diagnostic checks, such as residuals
analyses and model selection criteria, such as AIC
and BIC. This framework allows for a better
forecasting through an efficient modeling of the
regime-specific ~dynamics. The MS AR(1)
framework builds on a number of assumptions to
ensure validity and reliability. Errors are assumed to
be independent identically distributed normal and fit
for any normal model, and heterogeneous within
each state signifies high-dimensional model Ising
model is typically mis-specified. The model is based
on the Markov property, the changes of the regime
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of the system are based on the state of the system
before, which promotes simplicity. It further
assumes the statistical stationarity within each
regime, the unchanging nature characterizing each
regime for the statistical behaviour. Even to the
extent these assumptions benefit reasonable models
and forecasts, an error that is not normally
distributed, or unmodeled an exogenous information
will possibly impact model performance. Diagnostic
checks shall be routinely carried out to support the
assumptions made, and in assuring the robustness of
the models in the "Paghi Poco" retail environment.

3.3 Backtesting Framework

To evaluate the predictive capabilities of the first-
order MS-AR model of logarithmic demand for the
Paghi Poco supermarket stores (the “Backtesting”
process), a comprehensive back testing exercise was
conceived. The backtesting process begins the
exercise of assessing its performance in the model's
forecasting and generalizability to new data, as well
as being able to explain demand variation in a real-
world context. A sample was made by splitting
demand into training and testing parts. The training
part is used to estimate the model parameters, while
the testing phase is used solely to validate an out-of-
sample forecast. More specifically, the training
interval starts from the availability of the demand
data through to the cutoff point where the cutoff is a
predetermined point. The testing sample runs from
November 28, 2023, to October 13, 2024. The back
testing components are simply estimated
coefficients from the training sample to construct
rolling-path forecasts. These forecasts can then be
directly compared to an average of the actual
demand to quantify prediction accuracy. The
measures of prediction accuracy were derived from
traditional measures of error, specifically MAPE
and RMSE error measures, which also lend
information to the consistency and dispersion of the
model. In addition, graphical representation of
forecast accuracy was tested by exploring forecasted
to observed values. This visual analysis enables the
detection  of  systematic  deviations,  mis-
specifications of the model, structural breaks, and/or
regime shifts that have not been fully captured by
the model. Overall, the back-testing framework
provides essential validation of the power of the
model's forecast and inspires future refinements.
The insight gleaned from this analysis complements
the usefulness of the MS-AR(1) model which could
be utilized as a viable forecasting model for retail
demand to adapt higher dynamics of the market.
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4 Results and Discussion

4.1 Descriptive Statistics and Visualizations
The daily demand data are presented in logarithmic
form, and we are examining four “Paghi Poco”
supermarkets located in Sicily from November 28,
2023, to October 13, 2024. The high-frequency data
comprise both short-term volatility and longer-term
trends. The log transformation stabilizes the
variance and the heteroscedasticity, which often
appears in retail sales datasets, when promotional
activity and seasonality are present. As can be seen
from Table 1, the historical water consumption in
Palermo and Agrigento are much more bidisperse,
indicating that the number of regime shifts is more
frequent. This justifies putting a regime-switching
model into practice to handle demand dynamics and
structural disparities among the outlets

Table 1. Descriptive Statistics

Super Mean Std. Dev. | Min Log | Max
Market Log-Rev | LogRev | Rev Log
Rev
Trapani 9.361 0.2705 8.593 10.225
Messina 10.028 0.2327 9.449 10.742
Palermo | 9.499 0.3160 8.405 10.197
Agrigento | 9.506 0.3347 8.394 10.492

Source: created by the authors

Palermo and Agrigento supermarkets have
higher standard deviations, which indicates that
their daily demand is more volatile. In contrast, the
stores in Messina and Trapani have more consistent
income numbers, suggesting a reduced vulnerability
to abrupt fluctuations in demand.

4.1.1 Demand Trends and Regime Shifts

Time series plots of the four supermarkets'
logarithmic daily demands from November 28" |
2023, to October 13", 2024, are shown in Figure 1,
Figure 2 Figure 3 and Figure 4. There are noticeable
trends of higher demand on weekends, public
holidays, and during the busiest travel seasons (such
the summer and Christmas), as well as evident daily
changes in the data. Furthermore, sudden declines in
demand during specific times point to the existence
of separate regimes of high and low demand.

Figure 1, Figure 2, Figure 3 and Figure 4
illustrate varying demand dynamics across the four
supermarkets. Trapani has a consistent demand, but
Messina and Agrigento have a peak in summer,
related to the tourism. Palermo is intermediate, with
Agrigento being the most volatile. These patterns
emphasize that there are high and low demand
regimes and shows that distinct demand levels
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influenced by epoch, holiday and seasonal
behaviour occur, which raise the profile of the
regime switching approach as a more suitable
method for modeling such nonlinear shifts.

Fig. 1: Log Demand Trend of Trapani POS

Source: created by the authors

Fig. 2: Log Demand Trend of Messina POS

Source: created by the authors

Fig. 3: Log Demand Trend of Palermo POS

Source: created by the authors

Fig. 4: Log Demand Trend of Agrigento POS

Source: created by the authors

4.2 Model Estimation
Probabilities
In this section, we report the estimation results for
the MSM-AR(1) model estimated on the logarithm
of the demand data for the four “Paghi Poco”
supermarkets. The model incorporates 2 regimes,
high and low demand, each with its own mean and
variance. Table 2 presents the parameter estimates,
including significant coefficients at the 95% level.
Larger autoregressive coefficients in each regime
indicates a more persistent demand and lower

and Transition
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exposure to the external shocks. These insights
highlight the model’s ability to reflect the retail
demand structure and its usefulness for managerial
decision making on inventory and promotions.

Table. 2 MSM-AR(1)’s coefficients

Estimate Esrt;]o.r t value Pr(>it))
Us, 1.7468 | 0.597 | 2.925 0.003445 *
Us, 12.2831 | 0.467 | 26.2572 22e-16 *
@, | 08306 | 0.064 | 12958 | 2.2e-16*
Ds, -0.3263 | 0.049 | -6.6053 | 3.967e-11 *
05, | 0.183480 - - -
Os, 0.157556 - - -
Trapani P11 0.380053 - - -
P12 0.619946 - - -
D1 0.792893 - - -
P22 0.207106 - - -
Us, 22806 | 0414 | 5.4981 3.839¢-08 *
Messina Us, 12.4968 | 1.324 | 9433 22e-16 *
Ds, 0.7737 | 0.041 | 18.733 22e-16 *
Ds, -0.2596 | 0.132 | -1.9548 0.05061
Os, 0.14394 - - -
Os, 0.204826 - - -
P11 0.936629 - - -
P12 0.063370 - - -
D21 0.366562 - - -
D22 0.633437 - - -
Us, 83462 | 0295 | 28.282 2.2e-16 *
Us 20.851 7.726 | 2.6987 0.006961 *
Ds, 0.1363 | 0.031 | 4.3408 1.42¢-05 *
Ds, -1.213 0.792 | -1.5316 0.125621
05, | 0.151682 - - -
Os, 0.242144 - - -
Palermo P11 | 0.662601 - - -
P12 0.337398 - - -
D21 1 - - -
D22 0 - - -
Us, 1.8412 | 0.756 | 2.4332 0.01497 *
Us, 11.2035 | 0.669 | 16.731 22e-16 *
Ds, 0.8264 | 0.080 | 10.317 22e-16 *
Ds, -0.1964 | 0.070 | -2.8017 | 0.005083 *
Agrigento 05, | 0212359 - - -
Os, 0.268994 - - -
P11 0.436714 - - -
P12 0.563285 - - -
P21 0.752668 - - -
P22 0.247331 - - -

Source: created by the authors
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The MSM-AR(1) model estimates reveal
significant heterogeneity in parameter significance
and behavior across the four supermarkets analyzed.
In Trapani, all parameters, including intercepts and
autoregressive coefficients, are significant at the 1
percent level, indicating strong regime separation.
The autoregressive coefficient in the high-demand
regime (@si = 0.8306, p < 0.001) highlights
substantial temporal dependence, while the negative
coefficient in the low-demand regime (@ = -
0.3263) suggests potential volatility reversion.
Messina also shows robust high-demand dynamics
(@s1 = 0.7737, p < 0.001), though the low-demand
coefficient is only marginally significant (p
0.0506), indicating less stable low-demand
behavior. Palermo’s estimates indicate weaker
autoregressive effects overall, with the high-demand
coefficient (@s1 = 0.1363, p < 0.001) notably lower
than in other stores, and the low-demand coefficient
insignificant (p 0.126), suggesting potential
external shocks or local market anomalies.
Agrigento demonstrates a strong high-demand
autoregressive effect (@s1 = 0.8264, p <0.001) and a
significantly negative low-demand coefficient (@s: =
-0.1964, p 0.005), confirming clear regime
distinction. Residual standard deviations and
transition probabilities further support the presence
of distinct regimes with asymmetric persistence
across stores. High probabilities of remaining in the
high-demand state (e.g., 93.66 percent in Messina)
point to strong regime persistence during peak
periods, such as holidays or promotions.
Conversely, low probabilities of remaining in the
low-demand state, 0 percent in Palermo and 20.71
percent in Trapani, indicate that low-demand phases
are typically short-lived, especially in urban
contexts. Transition probabilities from high to low
differ, with Trapani and Agrigento at 62 percent and
56 percent, respectively, reflecting local factors like
peak promotion times or regional demand cycles.
The risk of switching from low to high demand
remains high, ranging from 75.26 percent in
Agrigento to 100 percent in Palermo, often boosted
by local economic incentives or advertising
campaigns. In general, these findings highlight the
dual characteristic of retail demand: during high-
demand periods it is persistent and predictable,
while for low-demand it is erratic and dominated by
an exogenous process. The high frequency shifting
regime identified is evidence against adequacy of
static models with constant variance and that the
MSM-AR(1) model has an edge over
contemporaneous  demand  dynamics.  This
explicability increases the accuracy of forecasts and
influences strategies for inventory management,
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pricing, and workforce planning that support
profitability and service levels in a diverse retail
environment.

4.2.1 Model Diagnostics by Regime and Location
A systematic diagnostic test was performed to
evaluate the reliability and robustness of the MSM-
AR(1) model under different demand and store
location situations. The analysis encompasses both
high-demand and low-demand regimes for each
point of sale (POS), namely Messina, Palermo,
Trapani, and Agrigento. This approach was
designed to validate the residual properties post-
estimation and to determine if the model satisfies
the key  assumptions of  independence,
homoscedasticity, and normality. The diagnostic
analysis is based on the following graphical
evaluations:

Autocorrelation plots (ACF/PACF) for
residuals and squared residuals, to verify the
absence of serial correlation.

Normal Q-Q plots, for visual inspection of
residual distribution against the theoretical
quantiles.

Time series plots of standardized residuals,
for detecting structural instabilities or
regime-specific volatility clustering.

The diagnostic framework applied to the
Messina store is illustrated in Figure 5. Panels (a) to
(c) correspond to the high-demand regime, and
panels (d) to (f) represent the low-demand regime.

1alysis — MSM-AR(1) Model — Messina POS

Low-Demand Regime ta—5)

Fig. 5: Diagnostic Analysis — Messina POS

Source: created by the authors

In the high-demand regime (panels a—c),
residuals and squared residuals (panel a) show no
significant autocorrelation, the Q-Q plot (panel b)
aligns closely with the Gaussian distribution, and
the residual series (panel c) remains stable,
indicating a consistent model fit. In contrast, in the
low-demand regime (panels d—f), significant
autocorrelation (panel d), slight departures from
normality (panel e), and higher volatility (panel f)
suggest potential unmodeled dynamics. These
findings highlight the effectiveness of the MSM-
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AR(1) model for high-demand periods and the need
for enhancements, such as GARCH structures or
additional variables, to capture the low-demand
dynamics effectively.

Fooret rseses

i

Fig. 6: Smoothed and Filtered Probabilities —
Messina POS

Source: created by the authors

Figure 6 displays the smoothed and filtered
probabilities for the MSM-AR(1) model applied to
the Messina POS. In this case, Regime 1 is
identified with the high-demand state, while Regime
2 captures the periods of low demand. The upper
panel presents the probabilities associated with
Regime 1, and the lower panel corresponds to
Regime 2. The filtered probabilities (black) and
smoothed probabilities (red) are closely aligned
throughout the sample, reflecting consistency in
real-time and retrospective classification of demand
regimes. For Regime 1, the persistently high
posterior probabilities reinforce the notion of a
dominant  high-demand regime. Meanwhile,
transitions into Regime 2 are sparse and
concentrated in specific episodes, as seen in the
isolated probability spikes. This suggests that low-
demand conditions are short-lived and episodic. The
combined evidence provides further validation for
the plausibility of regime classification within the
estimated model.

Diagnastic Analysis - MSM-AR(1) Model - Agrigenta POS

(] (e)
High-Demand Regime (a—c)

/

(=) (=) )

Fig. 7: Diagnostic Analysis — Agrigento POS

Source: created by the authors

Figure 7 presents residual diagnostics from the
MSM-AR(1) model for Agrigento POS. In the high-
demand regime (panels a—c), autocorrelations of
residuals and squared residuals are within
confidence bounds, residuals are approximately
normally distributed, and standardized residuals
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show stable variance. In the low-demand regime
(panels d—f), significant autocorrelations, slight non-
normality, and clustered volatility suggest model
limitations. These findings indicate that while the
model fits the high-demand regime well, it may
benefit from incorporating time-varying variance for
the low-demand regime.

Eioothed and Fillred prababiliss of AGAGENta POS
LT

| LAt L ]
AT | o

o

gime 2

g 7 2 & g

Fig. 8: Smoothed and Filtered Probabilities —
Agrigento POS

Source: created by the authors

Figure 8 depicts the smoothed and filtered
probabilities associated with the MSM-AR(1) model
for the Agrigento POS. As in previous cases,
Regime 1 is interpreted as the high-demand state,
and Regime 2 corresponds to low-demand
conditions. The upper and lower panels show the
respective probabilities for each regime. The visual
coherence between the smoothed and filtered
probabilities across both panels suggests that the
regime-switching mechanism is functioning in a
stable and credible manner. In Regime 1, the
probabilities demonstrate  strong  persistence,
indicative of a prolonged and dominant high-
demand regime. Conversely, the lower panel reveals
that Regime 2 is characterized by shorter and more
frequent excursions, often reverting quickly to the
high-demand regime. These probabilistic dynamics
align well with the sales data patterns and further
validate the underlying switching behavior captured
by the model.

Diagnostic Analysis - MSM-AR(1) Model - Palermo POS

(3] =)

High-Demand Regime (a~c)

—
e

() (e}

Low-Demand Regime (d—f)

]

Fig. 9: Diagnostic Analysis — Palermo POS

Source: created by the authors
Figure 9 reports residual diagnostics for the

MSM-AR(1) model at Palermo POS. In the high-
demand regime (panels a—c), no significant
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autocorrelations are observed, though the Q-Q plot
shows some lower-tail deviations, and the time plot
indicates stable variance. In the low-demand regime
(panels d—f), residuals meet white noise criteria, the
Q-Q plot aligns closely with the normal distribution,
and no signs of heteroscedasticity or volatility
clustering are present. Overall, the diagnostics
support the model's adequacy in capturing both
demand regimes at Palermo POS, with residuals
consistent with the model's assumptions.

Figure 10 shows the smoothed and filtered
probabilities derived from the MSM-AR(1) model
fitted to the Palermo POS. As with the previous
locations, Regime 1 corresponds to high-demand
conditions, while Regime 2 captures periods of
relatively lower demand. The upper panel of the
figure illustrates the probabilities for Regime 1, and
the lower panel represents those for Regime 2.
Filtered  probabilities  (in  black)  provide
contemporaneous estimates of regime status, based
on data available up to each time period. Smoothed
probabilities (in red), on the other hand, incorporate
the entire time series and hence yield more stable
retrospective inferences. In Palermo, Regime 1
exhibits highly persistent posterior probabilities,
which is consistent with a stable high-demand
environment. Regime 2 appears only intermittently,
with sharp yet infrequent probability spikes,
suggesting transitory deviations from the dominant
state. The consistency across filtered and smoothed
estimates lends additional credibility to the
underlying regime classification, affirming the
model's effectiveness in capturing the true latent
process.

vt Fis B s Roterme POS

Fig. 10: Smoothed and Filtered Probabilities —
Palermo POS

Source: created by the authors

Figure 11 presents residual diagnostics for the
MSM-AR(1) model at the Trapani POS. In the high-
demand regime (panels a—c), residuals show no
significant autocorrelations, moderate deviations
from normality in the lower tail, and stable variance
over time. In the low-demand regime (panels d—f),
residuals also exhibit no significant autocorrelations,
align well with the normal distribution, and remain
stable with no signs of heteroscedasticity. Overall,
the diagnostics confirm the model's adequacy in
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capturing the dynamics at the Trapani POS across
both regimes.

Diagnostic Analysis - MSM-AR(1) Model - Trapani POS
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Fig. 11: Diagnostic Analysis — Trapani POS

Source: created by the authors
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Fig. 12: Smoothed and Filtered Probabilities —
Trapani POS

Source: created by the authors

Figure 12 shows the smoothed and filtered
probabilities from the MSM-AR(1) model for the
Trapani POS, with Regime 1 capturing high-
demand and Regime 2 representing low-demand
periods. Filtered and smoothed probabilities align
closely, indicating consistent regime classification.
Transitions occur frequently enough to justify the
regime-switching approach, with stable inference
supporting the identification of distinct demand
phases. Residual diagnostics confirm model
adequacy, with residuals aligning with theoretical
assumptions. Overall, the MSM-AR(1) model
effectively captures demand dynamics in the all
POS, supporting its practical use in forecasting.

4.3 Forecast Accuracy

4.3.1 Methodology for Forecast Evaluation

Evaluating forecast accuracy is crucial in validating
any predictive model, especially in retail where
precise demand forecasts influence operational and
strategic  decisions. This study assesses the
predictive performance of the first-order Markov
Regime Switching Autoregressive model (MSM-
AR(1)) using a structured back testing framework
on daily demand data from four "Paghi Poco"
supermarkets in Sicily, covering the period from
November 28, 2023, to October 13, 2024. To create
a realistic forecasting scenario, the last 33 daily
observations were set aside as a holdout sample,
while the remaining data were used to estimate
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regime-specific autoregressive coefficients and
transition probabilities. Forecasts were generated for
each point in the holdout period using these
estimated parameters. The model’s performance was
then evaluated using three key error metrics. Mean
Absolute Error (MAE) measures the average
absolute difference between predicted and observed
demand, offering a straightforward measure of
forecast accuracy. Root Mean Squared Error
(RMSE) gives more weight to larger deviations,
making it useful for detecting occasional large
forecast errors. Mean Absolute Percentage Error
(MAPE) expresses errors as a percentage of actual
demand, enabling comparisons across stores and
time periods despite differences in scale. These
metrics, calculated over the holdout period,
demonstrate the MSM-AR(1) model’s capacity to
deliver reliable forecasts even in retail environments
characterized by volatility and regime shifts. By
combining autoregressive structure with regime-
dependent dynamics, the model adapts effectively to
underlying demand variations, enhancing its
robustness compared to simpler linear models.
These findings set the stage for discussing the
model’s managerial implications and potential
deployment in retail operations.

4.3.2 Performance Comparison with Other
Models

The predictive capability of the MSM-AR(1) model
was compared with that of the conventional AR(1).
Table 3 indicates that the performance of MSM-
AR(1) is better than AR(1) in terms of forecasting
accuracy measures as MAE, RMSE, and MAPE,
showing that it possesses better capabilities of
capturing the fluctuations between high and low
demand seasons. For instance, Agrigento’s MAE
decreases from 0.2666 under AR(1) to 0.0251 under
MSM-AR(1).

Table. 3. Forecasting Performance Indicators

Model MAE RMSE MAPE

Trapani AR(1) 0.2082 0.2697 2.2188

MSM-AR(1) 0.0168 0.0722 0.1795

Messina AR(1) 0.1409 0.1863 1.4050

MSM-AR(1) 0.0108 0.0407 0.1070

Palermo AR(1) 0.2317 0.3055 2.4770

MSM-AR(1) 0.0282 0.1206 0.3000

Agrigento AR(1) 0.2666 0.3404 2.8040
MSM-AR(1) 0.0251 0.1021 0.2600

Source: created by the authors

Figure 13, Figure 14, Figure 15, Figure 16,
Figure 17, Figure 18, Figure 19 and Figure 20
provide graphical representations of these forecasts
over the evaluation window from September 11
until October 13, 2024, and reveal that the MSM-
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AR(1) model is able to better replicate important
turning points and regime-specific fluctuations. In
general, the MSM-AR(1) model's ability to account
for changes in regimes makes it more suitable for
predicting retail demand, although its performance
relies on model assumptions, data availability, and
adequate transition probability specification, [10].

i Farveasting of Agrizenta Supermarkes
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8

Fig. 13: Demand Forecasting of Agrigento POS

Source: created by the authors

Fig. 14: Demand Forecasting of Messina POS

Source: created by the authors

Demand Foracasting of Falerme Supsnmarket

Fig. 15: Demand Forecastiilg of Palermo POS

Source: created by the authors

Bemand Forecarting of Trapant Supsrmarket

Fig. 16: Demand Forecastiflg of Trapani POS

Source: created by the authors
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Fig. 17: Back Testing Foreéasting of Agrigento POS

Source: created by the authors

Diertand Koracanting BackTesting of Messiaa Stipsrmariet

Fig.18: Back Testing Forecasting of Messina POS

Source: created by the authors

Domand Fornsasting BacaTesting of Paterma Suparmarhet

Fig.19: Back Testing Foreéésting of Palermo POS

Source: created by the authors

Fig. 20: Back Testing Forééasting of Trapani POS

Source: created by the authors

Although the forecast is able to simulate the
cyclical demand pattern, slight differences are
observed between the log-scale actual demand and
the forecast. This therefore suggests others factors
might be worth to be incorporated into the model in
the future. For example, leveraging dummy
variables to capture which day in the week the
demand comes in might improve the forecast. In
addition, the model could be expanded to include
other variables as external determinants (i.e., local
event, economic-related figures), that might lead it
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to better predict the demand and the consumer's
pattern of behavior.

5 Conclusion

This study develops a forecasting method for retail
demand in grocery distribution, dedicated to the
analysis of “Paghi Poco” supermarkets in Sicily,
which is based on a first-order MSM-AR(1)
approach. Incorporating the latent regime
recognition, our model is able to capture the
nonlinear daily demand fluctuation well and
outperforms the AR model in prediction. The
stochastic decision model detecting when the system
will depart high-/low-demand states can still be used
in dynamic operational planning. Live deployment
in many stores enable growth and adaptation with
your business. To better fit the context, some
extensions being investigated include the use of
higher level lags and time-varying transition
probabilities that can be functions of certain
covariates. In a broader context, the study may be
particularly useful in intelligent forecasting systems,
and it points to future directions for data-driven
decision-support in retail logistics.
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