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Abstract

The rapid growth of the photovoltaic (PV) market in Poland has increased the impor-
tance of data-driven sales management and strategic resource allocation in renewable
energy companies. Despite dynamic market expansion, significant regional differences
in PV adoption indicate the existence of underutilized sales opportunities. This study
aims to develop a decision-support framework for identifying company-specific regional
gaps between actual and model-predicted photovoltaic contract volumes. The analysis
is based on more than 15,000 real contracts obtained from a large PV installation com-
pany and enriched with regional demographic, economic, energy-related, housing, and
regulatory data. Several machine learning models were evaluated, including Random
Forest, XGBoost (XGB), HistGradientBoosting, and CatBoost. To improve transparency,
explainable artificial intelligence (XAI) techniques based on SHapley Additive exPlanations
(SHAP) were applied. Additionally, a model-based Untapped Potential Index (UPI) was
developed as an operational indicator of the company-specific gap between actual and
expected regional sales performance. The results indicate that CatBoost achieved the high-
est predictive accuracy and enabled the identification of regions with the largest positive
company-specific sales gaps. The proposed UPI supports the optimization of marketing
activities, sales resource allocation, and regional expansion strategies within the analyzed
company. The broader methodological framework may be extended to regional market
assessment through recalibration and external validation using independent market data.

Keywords: photovoltaic market; sales management; company-specific sales gap; untapped
market potential; machine learning; decision support systems; energy economics; regional
development; prosumer

1. Introduction

The development of the photovoltaic (PV) market in Poland in recent years has been
characterized by exceptionally high growth dynamics, positioning the country among
the leading European Union (EU) Member States in terms of newly installed capacity.
The Polish PV sector experienced particularly rapid expansion between 2019 and 2025.
Total installed PV capacity increased from less than 2 GW in 2019 to nearly 22 GW by
the end of the first quarter of 2025 [1-3]. More specifically, in 2024, installed PV capacity
reached 21.157 GW and further increased to 21.994 GW by the end of the first quarter of
2025 [3]. This rapid development placed Poland fifth among EU countries in terms of annual
photovoltaic capacity additions and sixth in terms of cumulative installed capacity [1,2].
The Introduction is organized around four elements. First, it presents the market context of
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photovoltaic development in Poland. Second, it identifies the research gap related to the
limited use of real company-level contractual data in regional PV sales analysis. Third, it
defines the objective of the study. Fourth, it summarizes the methodological and practical
contribution of the paper.

Installed capacity growth has remained systematic and stable in recent years. Annual
PV capacity additions amounted to approximately 4.1 GW in both 2022 and 2024, while a
peak increase of more than 4.6 GW was recorded in 2023. The annual increase in newly
commissioned PV installations amounted to approximately 4.1 GW in both 2022 and
2024, while 2023 recorded a peak expansion of more than 4.6 GW. Forecasts published
by the Institute for Renewable Energy indicate that Poland may reach 38 GW of installed
photovoltaic capacity as early as 2028, confirming the sustained growth trend and the
increasing importance of solar energy within the national energy mix (Figure 1) [1,3].
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Figure 1. Installed Capacity Structure of Renewable Energy Sources in Poland [MW] [3].

The structure of the Polish photovoltaic market has undergone a significant transfor-
mation in recent years. While the prosumer micro-installation segment initially played
a dominant role, a dynamic expansion of utility-scale PV farms has been observed since
approximately 2023. Although micro-installations remain a key component of the market
and have historically served as the primary driver of PV development, their relative share
has gradually declined. At the end of 2024 and the beginning of 2025, micro-installations
still accounted for approximately 59-60% of the total installed photovoltaic capacity [4,5].

In 2024, the number of active prosumers reached 1.53 million. During the same
year, approximately 141.5 thousand new micro-installations, with a combined capacity of
1.43 GW, were connected to the grid, while the average capacity of a newly installed system
amounted to 10.3 kW. Consequently, prosumers continue to represent a central pillar of the
Polish photovoltaic market. Moreover, the growing interest in energy storage systems and
electricity consumption management technologies indicates the increasing maturity of this
market segment and its rising level of technological awareness [4,5].

A distinctive feature of the present study is the use of real contractual data obtained
from the sales processes of a company operating in the Polish renewable energy market. The
research gap addressed in this study concerns the limited use of real contractual data from
installation companies to support regional sales decision-making in the photovoltaic market.
While existing studies often rely on public statistics, technical potential assessments, or
aggregated adoption data, company-level sales records make it possible to analyze the gap
between expected and actual sales performance from the perspective of a specific market
actor. Such data are rarely employed in scientific research because information regarding
contracts, sales structures, and regional commercial activity is typically confidential and
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constitutes a strategic asset of enterprises. In contrast to analyses based solely on publicly
available datasets or aggregated statistics, the use of operational business data makes it
possible to capture actual market behavior, sales seasonality, and regional differences in
the sales effectiveness of photovoltaic installations. Consequently, the company dataset
provides a foundation for developing a model with direct practical applicability, aimed at
supporting sales decision-making processes.

To estimate the expected number of contracts, a machine learning-based approach
was adopted. The analysis included ensemble models based on decision trees, namely
Random Forest, XGBoost, CatBoost, and HistGradientBoosting with a Poisson loss function.
The selection of these methods was motivated by the nonlinear relationships between
regional characteristics and the number of concluded contracts, as well as by the need to
model interactions among demographic, economic, energy-related, spatial, and regulatory
variables. These models enable a transition from traditional descriptive analyses toward
predictive assessments of expected sales performance at the region—-month level.

Region—-month observations with zero contracts were explicitly included, as they
provide important information for modelling demand variability.

Furthermore, to enhance the transparency and interpretability of the results, Explain-
able Artificial Intelligence (XAI) techniques were employed, particularly SHAP (SHapley
Additive exPlanations) values, which facilitate the interpretation of the contribution of
individual variables to model predictions. The integration of real-world enterprise data,
machine learning techniques, and XAl-based interpretability provides a foundation for
constructing an indicator of unrealized sales potential and for formulating practical recom-
mendations to support the management of regional PV sales strategies.

The study seeks to quantify the gap between the number of PV micro-installation
contracts expected by the predictive model and the actual number of contracts achieved by
the analyzed company across regions. Based on this approach, regions were identified in
which company sales remained below the level expected on the basis of regional structural,
economic, energy-related, and market characteristics.

An additional objective of the study is to develop a company-specific indicator of
untapped regional sales opportunities. The indicator may serve as an analytical tool for
identifying areas in which the number of contracts achieved by the analyzed company
remains below the level expected on the basis of regional characteristics. The methodolog-
ical framework may subsequently be extended to a broader regional market assessment
through calibration against independent market data.

The motivation for undertaking this research stems from the substantial transfor-
mation and expansion of the Polish photovoltaic market in recent years, within which
prosumers continue to play a central role. Although utility-scale PV farms have become
an increasingly important driver of sectoral growth—with as much as 2.4 GW of such ca-
pacity connected to the grid in 2024—prosumer installations remain the cornerstone of the
ongoing energy transition. The rapid development of this segment reflects the increasing
professionalization of the market and the growing participation of institutional capital in
photovoltaic investments [2,5].

Poland’s position within the European Union photovoltaic market is particularly
strong. In 2024, the country ranked fifth among EU Member States in terms of annual PV
capacity additions, with 3.7 GW of newly installed capacity, and sixth in terms of total
cumulative photovoltaic capacity. Moreover, Poland has one of the highest per capita
photovoltaic capacity indicators worldwide, surpassing countries such as the United States
and China. This achievement is primarily attributable to the widespread deployment
of prosumer micro-installations. The contribution of photovoltaics to national electricity
consumption has also been steadily increasing; in 2024, PV generation accounted for 10.6%
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of total electricity consumption, while photovoltaics represented as much as 38.5% of the
country’s renewable energy generation mix [4,6].

1.1. Regional Heterogeneity and Underutilized Sales Opportunities

The contribution of the paper is primarily empirical and applied-methodological
rather than algorithmic. The study does not propose a new machine learning algorithm or
anew XAl method. Instead, it integrates real contractual data with regional socio-economic
and energy-related characteristics, compares established machine learning models for
predicting expected contract volumes, and operationalizes the UPI as a company-specific
indicator supporting regional sales planning.

The rapid development of the photovoltaic market in Poland observed in recent
years has revealed a number of significant structural and infrastructural challenges that
increasingly limit the full utilization of the country’s solar energy potential. One of the
most critical issues is the phenomenon of curtailment, defined as the systematic reduction
of electricity generation from photovoltaic installations due to constraints and congestion
within the power grid. In the present study, these grid-related factors are treated as
contextual constraints rather than direct model inputs, due to the sales-oriented scope
of the analysis and the lack of consistent region—-month data for the full study period.
Although previously considered a marginal issue, curtailment has become increasingly
important as installed renewable energy capacity continues to expand. It is estimated that
during the first half of 2025, more than 600 GWh of electricity generation from renewable
energy sources was curtailed in Poland, providing a clear indication that grid infrastructure
development has not kept pace with the ongoing energy transition [3,7].

Problems associated with the limited capacity of the electricity grid constitute one of
the main barriers to the further development of the photovoltaic market, particularly in the
segment of large-scale installations and utility-scale PV farms. In practice, this means that in
many regions, despite favorable solar irradiation conditions and the availability of suitable
land for investment, the implementation of new high-capacity projects is constrained or
even prevented by insufficient grid connection opportunities. The scientific literature
emphasizes that infrastructural limitations, including the low flexibility of the power
system and the insufficient pace of grid modernization, contribute to the emergence of
so-called development bottlenecks, which restrict the effective integration of additional
renewable energy capacity into the electricity system [8,9].

However, it should be emphasized that the problem of underutilized photovoltaic
market potential cannot be attributed solely to technical constraints. Economic and social
factors also play a significant role, including variations in household income levels, envi-
ronmental awareness, building structure characteristics, and access to investment financing
mechanisms. Consequently, PV adoption remains relatively low in some Polish regions
despite favorable solar irradiation conditions. This phenomenon may be interpreted as
an expression of underutilized market potential that is not reflected in the actual level of
photovoltaic deployment and market development [9-11].

In response to the growing challenges associated with integrating renewable energy
sources into the electricity system, energy storage technologies have become increasingly
important. Energy storage systems, particularly battery energy storage systems (BESS),
constitute a key element in enhancing system flexibility and enabling a better alignment
between electricity supply and demand. Poland has experienced dynamic growth in this
market segment, as evidenced by the increasing volume of contracted energy storage capac-
ity within the capacity market framework and the growing number of related investment
projects [12,13].
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At the same time, support schemes for renewable energy investments increasingly
promote hybrid solutions that combine photovoltaic installations with energy storage
systems or thermal energy storage technologies. The introduction and subsequent evolution
of support mechanisms, such as the “My Electricity” (Méj Prad) and “Clean Air” (Czyste
Powietrze) programs, toward encouraging self-consumption and energy storage solutions
indicate a shift in the operational model of the photovoltaic market—from an approach
focused primarily on maximizing electricity generation to one centered on the efficient
utilization and management of produced energy.

Despite these developments, the issue of underutilized photovoltaic market potential
remains highly relevant and warrants further investigation, particularly from a regional
perspective. In this context, the development of analytical tools capable of identifying
areas characterized by the largest discrepancies between the potential arising from natural
and structural conditions and the actual level of market development is of considerable
importance. Such analyses may provide a foundation for more effectively targeting invest-
ment activities and energy policy measures, thereby contributing to a more comprehensive
utilization of Poland’s photovoltaic potential.

1.2. The Role of Economic Factors in Photovoltaic Market Development

The development of the photovoltaic market in Poland is significantly influenced
by economic factors and regional conditions, which affect both the level of investment in
micro-installations and the rate of technology adoption among households. Among the
economic determinants, public support schemes play a particularly important role, as they
substantially reduce entry barriers for prosumers and improve the economic viability of
investments in photovoltaic installations.

A key instrument supporting the development of prosumer photovoltaics in Poland
has been the M¢j Prad (“My Electricity”) program, implemented by the National Fund for
Environmental Protection and Water Management. The primary objective of the program has
been to increase electricity generation from PV micro-installations and to enhance energy self-
consumption through the development of energy storage systems [14]. Successive editions of
the program have demonstrated a gradual evolution of support mechanisms—from subsidies
focused exclusively on photovoltaic installations toward a model promoting the integration of
PV systems with energy storage technologies and energy management solutions.

In particular, under the most recent editions of the program, financial support may
cover up to 50% of eligible investment costs, including expenditures related to PV in-
stallations, battery energy storage systems, and thermal energy storage facilities. At the
same time, the net-billing system was introduced, replacing the previous net-metering
scheme and encouraging the direct consumption of electricity generated by prosumers.
This regulatory change has significantly altered the economic framework of photovoltaic in-
vestments, increasing the importance of self-consumption and efficient energy management
practices [15].

In this context, the economic viability of PV systems increasingly depends on the
ability of prosumers to consume a larger share of generated electricity directly or to shift
electricity use through energy storage and energy management systems.

It is worth emphasizing that current support policies increasingly focus on the devel-
opment of complementary infrastructure, particularly energy storage systems. In the most
recent subsidy programs, the installation of either an energy storage system or a thermal
energy storage unit has effectively become a standard requirement for newly supported
micro-installations. This approach aims to improve the balancing of the electricity system
and reduce grid congestion [12,13]. Such solutions enhance the flexibility of the energy
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system while simultaneously reshaping demand within the PV market, shifting it toward
more integrated and comprehensive energy solutions.

In 2023, households were eligible to apply for financial support not only for photo-
voltaic installations but also for technologies such as heat pumps, solar thermal collectors,
battery energy storage systems, thermal energy storage systems, and energy management
systems. Since August 2024, investment in either thermal energy storage or battery energy
storage has become a prerequisite for receiving support. The capacity of PV installations
eligible under the program ranged from 2 to 20 kW, whereas prior to August 2024 the
eligible capacity range was limited to 2-10 kW [3].

Under the M6j Prad program, subsidies were granted in 2024 and the first quarter of
2025 for a total of 53,509 photovoltaic installations with a combined capacity of 337,616 kW.
The average installed capacity amounted to 6.4 kW. In addition to financial support mecha-
nisms, the development of photovoltaics in Poland is also driven by ongoing technological
advancements. Hybrid solutions integrating photovoltaic systems with wind energy gener-
ation and energy storage technologies are gaining increasing popularity, as they enhance
the stability and reliability of renewable energy generation. Innovative concepts such as
cable pooling and direct power lines are also becoming increasingly important; however,
their broader implementation will require further legislative and regulatory adjustments.
At the same time, Energy Management Systems (EMS) are becoming more widespread,
enabling prosumers to optimize self-consumption, improve energy efficiency, and enhance
the economic performance of photovoltaic investments [4,5].

In 2024 and the first quarter of 2025, the National Fund for Environmental Protection
and Water Management (NFOSiGW) disbursed a total of PLN 635 million to support
investments in PV micro-installations and technologies designed to enhance the efficient
utilization of electricity generated by these systems. The total value of the supported
projects reached PLN 2.182 billion, indicating that subsidies provided under the M6j Prad
(“My Electricity”) program covered approximately 29.1% of total investment expenditures.
The average investment value amounted to approximately PLN 41,000, while the average
subsidy per project was approximately PLN 11,000 [3].

1.3. The Role of Regional Factors in Photovoltaic Market Development

In addition to economic determinants, regional factors are also of considerable impor-
tance, particularly geographical conditions and solar irradiation levels. Solar irradiation
constitutes one of the key factors influencing the efficiency of photovoltaic installations
and their utilization across different regions of Poland. The country is located within a
moderate solar irradiation zone, where the annual global solar radiation typically ranges
from approximately 950 to 1250 kWh/m?, providing relatively favorable conditions for
solar energy development compared with many other European countries [16,17]. This
spatial distribution is illustrated in Figure 2, which presents the solar irradiation zones
in Poland.

A more detailed analysis indicates that the performance of photovoltaic systems
depends on several local climatic parameters, the most important of which are annual solar
irradiation (kWh/m?), sunshine duration (the number of sunshine hours), and ambient
temperature. Poland is located between 49° N and 55° N latitude, placing the country
within a temperate transitional climate zone. For optimally oriented PV panels (with a tilt
angle of approximately 30°), the average annual solar irradiation reaches approximately
1289 kWh/m?2. Cloud cover and seasonal variability are among the most important factors
affecting fluctuations in PV electricity generation throughout the year.
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Figure 2. Solar irradiation map of Poland (kWh/ m?2/ year) [18].

A defining characteristic of Poland’s climate is the pronounced seasonality of solar
irradiation, which directly translates into seasonal variations in photovoltaic electricity
generation. During the summer months (May—-August), solar radiation levels and the
number of sunny days reach their highest values, resulting in peak electricity production. In
contrast, during the winter period (November—February), solar irradiation is substantially
lower, daylight hours are shorter, and cloud cover is more frequent, leading to significantly
reduced energy yields from PV installations. The annual number of sunshine hours in
Poland ranges from approximately 1400 to 1680 h and exhibits considerable regional
variation (Figure 2). The highest values are recorded in southeastern Poland, whereas the
lowest occur in coastal regions and the Carpathian Mountains [18,19].

From a quantitative perspective, approximately 70-80% of annual photovoltaic electric-
ity generation in Poland occurs between spring and early autumn, while winter production
contributes only a relatively small share of total annual output. This seasonal generation
profile creates significant challenges for the electricity system, including periods of excess
electricity production during summer months and potential supply shortages during win-
ter. It should be emphasized that the number of sunshine hours should not be interpreted
as the direct annual operating time of PV systems. Photovoltaic installations can generate
electricity not only under direct sunshine but also under diffuse solar radiation. Therefore,
the economic viability of PV systems depends not only on the number of sunshine hours,
but also on annual energy yield, self-consumption levels, electricity prices, investment costs,
subsidy schemes, settlement rules, and the possible use of energy storage systems. The
seasonal concentration of PV generation therefore represents an operational and system-
integration challenge rather than direct evidence of economic non-viability. In this study,
energy storage is considered as a complementary technology for on-grid prosumer systems,
supporting self-consumption and system flexibility, rather than as a component of off-grid
autonomous PV systems.

Poland therefore possesses substantial potential for the further expansion of photo-
voltaics, both in the utility-scale solar farm segment and in the prosumer micro-installation
sector. According to industry forecasts, total installed PV capacity in Poland may reach
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38 GW by 2028, while the National Energy and Climate Plan (NECP) envisages a system
capacity of 38 GW by 2035. The technical potential for further development is determined
by the availability of suitable land, the capacity of the electricity grid, the pace of new
installation deployment, and the efficiency of the technologies employed [3,19].

However, the realization of this potential requires consideration of seasonal produc-
tion patterns and economic factors affecting investment profitability, particularly self-
consumption, grid constraints, and the increasing role of energy storage.

Spatial analyses indicate that regional differences may translate into variations in
annual electricity generation from PV installations of up to several percentage points. In
practical terms, this means that installations with the same installed capacity may achieve
substantially different energy yields depending on their geographical location. In southern
regions of Poland, electricity generation tends to be higher and more stable, whereas in
northern regions weather variability and cloud cover exert a greater influence on system
performance [19].

Despite relatively favorable solar irradiation conditions across the country, a significant
challenge remains the mismatch between the actual utilization of photovoltaic installations
and their technical potential. In particular, the seasonal concentration of electricity gener-
ation during the summer months contributes to grid congestion and the increasing need
for generation curtailment, implying that a portion of the available solar energy potential
remains unused. At the same time, during winter periods, when electricity demand is
generally higher, PV generation is substantially reduced. This situation highlights the im-
portance of integrating energy storage systems and diversifying renewable energy sources
within the energy mix. The PV systems discussed in this context refer primarily to on-grid
prosumer micro-installations connected to the electricity distribution network. The present
study does not analyze autonomous off-grid PV systems.

From the perspective of market potential assessment, it is therefore essential to con-
sider not only average annual solar irradiation levels but also their seasonal and regional
variability. Recent studies indicate that PV market analyses are frequently based on annual
average values alone, which may lead to an underestimation of actual regional differences
and, consequently, to inaccurate assessments of investment potential [20,21].

In summary, solar irradiation constitutes an important, yet insufficient, determinant
of photovoltaic market development in Poland. Its pronounced seasonality and regional
heterogeneity mean that the available potential for PV electricity generation is not always
fully utilized. Incorporating these factors into analytical and predictive models is therefore
essential for identifying regional differences in photovoltaic development.

1.4. Other Factors Influencing Photovoltaic Market Potential: The Number of
Single-Family Houses

The structure of the housing stock in Poland clearly indicates the dominant role of
single-family housing as the primary foundation for the development of photovoltaic
installations. According to data from the Central Statistical Office (GUS), approximately
6.9 million residential buildings existed in Poland in 2021, of which as many as 6.3 million
were single-family houses, accounting for more than 90% of all residential buildings [22].
These figures demonstrate the existence of a substantial infrastructural base for the further
expansion of PV micro-installations.

The spatial distribution of these housing resources is equally important. Approxi-
mately 3.3 million single-family houses are located in rural areas, while around 1.7 million
are situated in urban areas [22]. This indicates that the primary potential for the devel-
opment of the prosumer market is concentrated outside highly urbanized regions, with
significant implications for the spatial distribution of photovoltaic installations.
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From a regional perspective, the highest concentration of single-family housing is
observed in southeastern Poland and parts of central Poland. Regions such as the Lubelskie,
Podkarpackie, éwietokrzyskie, and Malopolskie voivodeships are characterized by a high
share of single-family housing and a dispersed settlement structure. At the same time,
dynamic growth in single-family housing construction is observed in the suburban zones
of major cities, including Krakéw County (Matopolskie Voivodeship), Poznann County
(Wielkopolskie Voivodeship), and Lublin County (Lubelskie Voivodeship), highlighting
the increasing importance of suburbanization processes [22].

In this context, the level of urbanization is particularly important, as it directly influ-
ences the development potential of prosumer photovoltaics. Poland remains a moderately
urbanized country, with approximately 60% of the population residing in urban areas.
However, a substantial proportion of urban residents live in multi-family residential build-
ings [22]. This limits opportunities for the deployment of household-level PV systems,
as multi-family buildings require collective investment decisions and provide relatively
limited roof area per household.

In contrast, rural and suburban areas, characterized by lower levels of urbanization,
offer significantly more favorable conditions for photovoltaic development. Single-family
houses provide larger roof areas, greater opportunities for optimal system orientation, and
increased investment autonomy for property owners. Consequently, regions with lower
levels of urbanization tend to exhibit higher rates of photovoltaic technology adoption,
which is reflected in the number of installations per capita.

At the same time, suburbanization processes are creating new areas with considerable
photovoltaic development potential. Suburban zones combine characteristics of both
urban and rural environments, featuring relatively high household incomes alongside a
predominance of single-family housing. As a result, these areas represent some of the most
dynamic segments of the PV market, where investments in photovoltaic installations are
particularly intensive.

In highly urbanized regions, such as the metropolitan part of the Mazowieckie Voivode-
ship, the Slaskie Voivodeship, and the Matopolskie Voivodeship, the share of multi-family
housing is substantially higher, limiting the development of prosumer micro-installations.
Paradoxically, these areas may simultaneously exhibit high levels of energy demand, lead-
ing to the emergence of significant yet underutilized photovoltaic market potential within
the distributed generation segment.

It is also important to emphasize that the single-family housing sector in Poland
continues to expand. Such buildings account for more than 97% of all newly completed
residential buildings [22]. This trend further enlarges the pool of potential prosumers,
particularly in suburban areas.

In summary, the level of urbanization and the structure of residential development
constitute key determinants of photovoltaic market development in Poland. Regions
characterized by a high share of single-family housing and lower levels of urbanization
demonstrate considerably greater potential for PV deployment. At the same time, highly
urbanized regions may possess substantial but underutilized market potential resulting
from structural and organizational constraints. Incorporating these factors into analytical
and predictive models is essential for accurately identifying the spatial heterogeneity of
photovoltaic market potential.

The results of the analysis of the distribution of photovoltaic micro-installations in
Poland confirm the crucial role of residential building structure and the level of urbaniza-
tion as key determinants of prosumer market development. The highest levels of installed
capacity in PV micro-installations are observed in the Mazowieckie (Masovian), Wielkopol-
skie (Greater Poland), and Slaskie (Silesian) voivodeships (Table 1). This pattern is directly
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associated with large population sizes, well-developed suburban zones, and a high share of
single-family housing. These findings confirm that the availability of rooftop infrastructure
and the decision-making autonomy of households are among the most important factors
supporting the development of photovoltaic installations.

Table 1. Installed Photovoltaic (PV) Microinstallation Capacity by Voivodeship in Poland [GW] [3].

PV Microinstallation

Voivodeship Short Code Capacity (GW)
mazowieckie MAZ 1.6-1.8
wielkopolskie WKP 1.5-1.7
$laskie SLA 1.3-15
matopolskie MAL 1.0-1.3
16dzkie LOD 1.0-1.2
dolnoglaskie DOL 0.9-1.1
lubelskie LUB 0.8-1.0
podkarpackie PDK 0.8-1.0
kujawsko-pomorskie KU]J 0.8-1.0
pomorskie POM 0.6-0.9
zachodniopomorskie ZPM 0.6-0.9
warminsko-mazurskie WMA 0.5-0.8
podlaskie PDL 0.4-0.7
$wietokrzyskie SWI 0.4-0.7
opolskie oro 0.3-0.6
lubuskie LUS 0.3-0.6

At the same time, the results indicate that the spatial distribution of PV micro-
installations in Poland is driven to a greater extent by demographic and structural factors
than by natural conditions, particularly solar irradiation levels. Regions characterized by a
high proportion of single-family houses and moderate levels of urbanization exhibit higher
rates of PV technology adoption, whereas highly urbanized areas dominated by multi-
family residential buildings tend to display relatively lower installed capacities within the
prosumer segment.

In this context, it is particularly noteworthy that some regions with favorable solar ir-
radiation conditions, such as the Lubelskie and Podkarpackie voivodeships, are not among
the leading regions in terms of PV micro-installation deployment. This situation indicates
the existence of a discrepancy between technical potential and its actual utilization, which
may be interpreted as evidence of underutilized market potential [23]. Incorporating these
relationships into subsequent analytical and predictive models is essential for identifying
regions where investment activities and support mechanisms should be intensified to
unlock further photovoltaic market development.

2. Materials and Methods

Despite the dynamic development of the prosumer photovoltaic market in Poland and
the growing number of studies addressing technical, economic, and regulatory determi-
nants, relatively few studies have focused on identifying company-specific regional sales
gaps using real-world contractual data obtained from installation companies. Existing re-
search on photovoltaic adoption demonstrates that household investment decisions exhibit
substantial spatial heterogeneity and depend not only on solar irradiation conditions but
also on housing characteristics, income levels, population density, previous technology
diffusion, and neighborhood effects [24,25]. At the same time, the application of machine
learning methods in prosumer market analysis can support the identification of areas with
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high sales potential while reducing customer acquisition costs, as confirmed by studies
employing predictive models in the residential PV sector [26].

However, existing studies have primarily focused on the adoption of PV technology
from statistical, spatial, or techno-economic perspectives. Comparatively less attention
has been devoted to the practical use of contractual data from installation companies to
identify regions where actual photovoltaic sales remain below the level predicted on the
basis of regional characteristics and historical sales patterns [27]. From the perspective
of an installation company, the key question is not merely where the highest number of
installations is observed, but rather where a gap exists between expected and actual sales
performance. Such a gap may indicate regions requiring intensified commercial, marketing,
or operational activities. Therefore, regions with high positive UPI values should be treated
as candidates for further managerial diagnosis rather than as regions with automatically
confirmed market-wide photovoltaic potential.

The research gap addressed by this study lies in the absence of a regional sales decision-
support model that integrates real contractual data from an installation company with
the socio-economic, spatial, energy-related, and regulatory characteristics of regions in
order to identify underutilized sales opportunities within the photovoltaic installation
market. Previous studies have focused primarily on public datasets, aggregated market
statistics, technical energy production parameters, or general determinants of PV technol-
ogy adoption. Data derived directly from actual enterprise sales processes have been used
far less frequently, despite their ability to reflect the practical conditions underlying market
decisions more accurately.

The methodological value of this study lies in the integration of established machine
learning and XAI methods with real contractual sales data and regional market charac-
teristics. The study does not claim algorithmic novelty. Rather, it proposes an applied
decision-support framework in which expected regional contract volumes are estimated
using predictive models and then compared with actual company sales to identify regional
sales gaps. In this context, the regional criteria refer to the groups of variables used to
describe each voivodeship in the predictive model, including structural and demographic
characteristics, housing-related prosumer potential, economic conditions, solar resource
conditions, previous PV market maturity, and regulatory support periods.

The contribution of this study is mainly empirical and practical. First, it uses real oper-
ational company data that are rarely available for academic research. Second, it integrates
these data with regional variables describing market conditions. Third, it applies estab-
lished machine learning models to estimate expected contract volumes at the region—-month
level. Fourth, it operationalizes the UPI as a transparent indicator of company-specific
regional sales gaps. Fifth, SHAP values are used to support global model interpretation.
The proposed framework may support sales management, resource allocation within
installation companies, and regional planning activities in the renewable energy sector.

2.1. Data Source and Scope of the Study

The data used in this study were obtained from a company operating in the Polish
renewable energy market since 2013. The data provider is listed on the NewConnect
market operated by the Warsaw Stock Exchange, indicating its formal status as a capital
market participant and its established presence within the renewable energy sector. Due
to the confidential nature of contractual data and their limited availability for scientific
research purposes, the dataset constitutes a valuable empirical source for analyzing actual
sales processes in the Polish photovoltaic installation market. It should be noted that
obtaining comparable contract-level data from competing PV installation companies is
highly difficult, as such information is commercially sensitive and usually not publicly dis-
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closed. The dataset used in this study was obtained from a large nationwide PV installation
company operating across Poland. Therefore, the data provide valuable insight into real
sales processes across the national market, although they still represent the activity of a
single enterprise.

The original dataset covers the period from 2023 to 2025 and contains more than
58,700 records describing the company’s sales activities. These records include photovoltaic
installations, energy storage systems, electric vehicle chargers and charging stations, elec-
tricity sales contracts, and complementary products such as air conditioning systems and
thermal modernization services. For the purposes of this study, only records relevant to
photovoltaic installations were extracted and retained for further analysis.

The temporal scope of the study was restricted to the years 2023-2025 because, during
this period, the company utilized a new Customer Relationship Management (CRM)
system that ensured a uniform standard for recording contractual data. Limiting the
analysis to this timeframe reduces the risk of inconsistencies arising from changes in sales
registration procedures.

It should be emphasized that the use of real operational data is of critical importance
for the development and validation of machine learning (ML) models [28]. Unlike synthetic
or highly aggregated datasets, data derived from actual business processes reflect real
customer behavior, regional market conditions, sales seasonality, and practical operational
constraints faced by enterprises. Consequently, the proposed model can achieve higher
predictive reliability and greater practical value in business applications.

The practical significance of such datasets is particularly evident in ML-based decision-
support systems. The quality, diversity, and authenticity of input data directly influence
forecasting performance and the ability to identify hidden relationships among variables.
As a result, a model developed using real sales data extends beyond a purely theoretical or
descriptive framework and can serve as a practical tool supporting business operations [29,30].

Following the initial data selection process, the analysis was restricted to contracts
related to photovoltaic micro-installations, defined as systems with an installed capacity of
up to 10 kWp. The analyzed PV micro-installations should be understood as grid-connected
prosumer systems; off-grid installations were not separately identified or analyzed in the
dataset. This criterion was adopted to ensure the homogeneity of the analyzed market
segment and to focus on the prosumer sector, which constitutes the primary application
area of the proposed sales decision-support model. After applying the filtering criteria,
the final dataset used for modeling consisted of 15,670 contractual observations related to
photovoltaic installations meeting the specified capacity threshold.

The contractual data were subsequently enriched with a set of regional variables
describing the socio-economic, demographic, spatial, energy-related, and regulatory charac-
teristics of individual voivodeships. Public national and regional data were used during the
data enrichment and preprocessing stage to characterize the broader market environment.
In particular, official and publicly available information on regional PV development and
installed capacity was transformed into contextual indicators of market maturity. These
variables were included in the model indirectly, for example through lagged installed PV
capacity per capita and the lagged number of installations per 1000 single-family houses.
This approach allowed the model to account for the general level of regional PV mar-
ket development while reducing the risk of information leakage from contemporaneous
market outcomes.

Because the original dataset consisted of operational contractual records, it was neces-
sary to transform the data into an aggregated format.

Prior to aggregation, the dataset was subjected to basic preprocessing. Missing values
in regional variables were limited and were handled using the most recent available
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observation or constant regional values. No extensive imputation procedures were required.
Observations with zero contracts were retained in the dataset, as they represent meaningful
information about the absence of sales activity in a given region-month. Due to the
aggregated nature of the data, extreme values were not removed; instead, tree-based
models were used, which are robust to outliers.

To achieve this, observations were grouped according to regional codes and time
indices. For each region—-month pair, the number of concluded contracts was calculated
and used as the target variable in the predictive model (1). After aggregation at the region—
month level, the final modelling dataset consisted of 576 observations.

Y, + = count(contracts, ;) (1)

where Y, ; denotes the actual number of PV micro-installation contracts concluded by the
analyzed company in region r during month ¢. The term count refers to the number of
retained contract records assigned to a given region-month pair and does not refer to
installed capacity, sales value, or the number of sales leads.

Regional variables that remained unchanged within a given region during the ana-
lyzed period were assigned to the aggregated observations as constant values or as the first
available value within each group. The variable installed_capacity_kw was not included as an
explanatory feature in the primary contract prediction model, as it may reflect the outcome
of sales activity rather than its underlying determinants. Nevertheless, this variable was
retained for use in descriptive analyses and in an alternative modeling framework in which
the target variable would be the total installed capacity within a given region and month.
Such an approach is identified as a potential direction for future research.

The modeling process incorporated a set of variables describing the temporal dynam-
ics of sales, regional scale and structure, economic conditions, the technical potential of
photovoltaic installations, the existing maturity of the PV market, and the regulatory envi-
ronment. The selection of variables was guided by the objective of predicting the expected
number of contracts at the region—-month level and identifying regions where actual sales
performance was lower than the level expected based on underlying market characteristics:

e  Temporal variables: Time index and monthly seasonality encoded using sine—cosine
transformations (time_index, month_sin, month_cos). The time_index variable represents
consecutive months of observation, while month_sin and month_cos were employed to
preserve the cyclical nature of seasonal patterns. This encoding allows the model to
account for the fact that December and January are adjacent months within the annual
cycle, despite being numerically distant in a conventional monthly representation.

e  Spatial and demographic variables: Regional area, population size, population density,
and urbanization level (region_code, area_km?, population, population_density_per_km?,
urbanization_rate). These variables describe the scale and structural characteristics
of each region. Their inclusion is important because the number of contracts may
partly reflect the size of a voivodeship, the number of inhabitants, or the degree of
urbanization. Incorporating these factors reduces the risk of incorrectly interpreting
larger regions as inherently more attractive sales markets.

e  Variables describing prosumer housing potential: The number of single-family houses
and the number of single-family houses per 1000 inhabitants (single_family_houses,
single_family_per_1000_population). Particular importance was assigned to the number
of single-family houses, as prosumer PV micro-installations are strongly associated
with the availability of individual rooftop areas (or, alternatively, available land for
ground-mounted PV systems) and the investment autonomy of property owners. The
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variable single_family_per_1000_population was included to normalize this information
relative to the size of the regional population.

Economic variables: Gross domestic product per capita (gdp_per_capita_pln). GDP per
capita was used as a regional indicator of economic prosperity and potential invest-
ment capacity. In the context of PV installations, this variable is particularly relevant
because investments in micro-installations typically require either the availability of
private capital or access to external financing, regardless of whether public support
programs are available.

Energy-related variables: Annual Global Horizontal Irradiance (GHI) (ghi_kwh_mz_year).
Annual GHI was employed as a measure of the natural conditions supporting photo-
voltaic development. This variable represents the availability of solar resources within a
given region and indirectly captures regional differences in technical energy-generation
potential across voivodeships (or, more broadly, regions). It should be noted that GHI is
used here as a static proxy for regional solar resource conditions. The model does not
include regional PV electricity generation, curtailment, grid-connection availability, or
power accommodation capacity, as the present framework focuses on sales performance
rather than on a full technical assessment of the power system.

Variables describing PV market maturity: Lagged installed PV capacity per capita and
lagged number of installations per 1000 houses (installed_capacity_kw_per_capita_lag1,
installations_per_1000_houses_lag1). These variables characterize the previous level
of PV market penetration within a region. Lagged values were used to reduce the
risk of information leakage between explanatory variables and the target variable.
As a result, the model relies on information available prior to the prediction period
rather than on data originating from the same period (month) as the dependent
variable. These variables were derived from public regional market data and therefore
provide an indirect representation of the overall development of the PV market in
each voivodeship, although they do not replace direct information on competitors’
sales or company-level regional market shares. These lagged variables should be
interpreted as stock-based indicators of previous PV market development rather than
as short-term sales indicators. In particular, lagged installed capacity per capita partly
captures the cumulative historical diffusion of PV installations in a region and may
therefore reflect market maturity or partial saturation effects.

Regulatory variables: Periods during which support schemes were in effect (sub-
sidy_period). This variable represents periods associated with public support mecha-
nisms, including government subsidy programs such as Méj Prad [13-15]. Its inclusion
is important because subsidy schemes affect the economic attractiveness of PV in-
vestments and may alter demand patterns over time. From the perspective of the
decision-support framework proposed in this study, this variable is expected to play
an important role, as its effects may potentially be mitigated through appropriate
commercial and operational strategies implemented by installation companies.

2.2. Conceptualization of the Company-Specific Sales-Gap

In this study, the UPI is defined as a company-specific regional sales-gap indicator

rather than as a direct measure of general market potential or technical photovoltaic
potential. It compares the actual number of contracts achieved by the analyzed company
with the number predicted by the model. The model-predicted contract level is estimated
on the basis of energy-related conditions, housing structure, the number of potential
prosumers, regional economic prosperity, urbanization, previous market penetration, and
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public support mechanisms. A machine learning model is employed to estimate the
expected number of contracts in a given region and month, as expressed in Equation (2):

Yir = f(Xes) )

where X, ; denotes the vector of variables describing region (r) during period (t); Yr\,t repre-
sents the predicted number of contracts; and Y, denotes the actual number of contracts.
Based on these quantities, the absolute sales gap (UP) was defined as follows (Equation (3)):

UP;; = Yr\,t —Yrt 3)

where UP;; denotes the untapped sales opportunity in region (r) during period (¢).

To enable comparisons across regions characterized by different market sizes, a relative
indicator of untapped sales opportunities was introduced, as expressed in Equation (4). The
UPI was intentionally formulated as a simple and transparent indicator. Its purpose is not
to introduce a mathematically complex metric, but to provide an interpretable operational
measure that can be used by managers to compare regions and identify areas requiring
further sales diagnosis.

Yie—Y
UPL,; = — "ot (4)

1t

The interpretation of this indicator is as follows. Positive UPI values indicate that
the actual number of contracts achieved by the analyzed company was lower than the
number predicted by the model, corresponding to a positive company-specific regional
sales gap. Values close to zero indicate that actual sales were close to the model-predicted
level, whereas negative values indicate that the company achieved more contracts than
predicted by the model. Values close to zero indicate that actual sales performance is
consistent with the model-estimated market potential, whereas negative values indicate
that a region achieved sales results exceeding those predicted by the model.

From the perspective of an installation company, this indicator may serve as a decision-
support tool for regional expansion planning and for identifying areas where commercial
and sales activities should be intensified to better exploit existing market opportunities.

In its present implementation, the UPI is a company-specific indicator of the regional
sales gap because both the actual and predicted values refer to contracts concluded by
the analyzed firm. Therefore, the indicator does not directly measure the total market or
technical photovoltaic potential of a region. Its value may partly reflect the company’s
commercial strategy, local sales coverage, marketing intensity, operational capacity, and
competitive position. However, the methodological framework is transferable and may
be extended to a broader regional market assessment by incorporating independent data
on the total number of installations or contracts, competitors” activity, and the company’s
corresponding regional market share. Such an extension would require recalibration and
external validation before the resulting indicator could be interpreted at the market-wide
regional level.

2.3. Research Methodology

The study adopted a comparative approach involving several machine learning algo-
rithms designed to predict the number of contracts at the region-month level. The objective
of this stage was not to employ a single arbitrarily selected model but rather to empiri-
cally compare the predictive performance of multiple methods and select the model that
most accurately estimates the expected number of contracts [31,32]. Tashman justifies the
use of out-of-sample testing and forecasting validation procedures, while Hyndman and
Koehler discuss forecast accuracy assessment and the limitations of various error metrics.
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These studies support the rationale for comparing alternative models using a common
validation framework.

Model hyperparameters were selected using validation set performance rather than ex-
haustive grid search, in order to maintain consistency across models. Default or near-default
configurations were used for most algorithms, with limited tuning of key parameters such
as learning rate, tree depth, and number of estimators. The same validation framework
was applied to all models to ensure comparability.

Only the model demonstrating the highest predictive performance was subsequently
employed to construct the Untapped Potential Index (UPI).

Due to the nonlinear relationships between regional characteristics and the number of
contracts, ensemble models based on decision trees were selected for analysis [33-35]. The
Random Forest approach originates from the work of Breiman, while gradient boosting
was introduced by Friedman. More recent evidence regarding tabular datasets further
supports the suitability of tree-based and boosting models for such prediction problems.
These models are particularly well suited to tabular data containing heterogeneous vari-
ables, including temporal, demographic, economic, spatial, energy-related, and regulatory
features. They also enable the modeling of complex interactions among variables without
requiring their complete manual specification.

The following models were included in the analysis:

e  Regional Mean Baseline—A benchmark model based on the historical regional aver-
age. This model served as a reference point for evaluating whether more advanced
machine learning approaches provide meaningful predictive improvements over a
simple baseline.

e Random Forest Regressor—An ensemble model based on the aggregation of multiple
decision trees. It was employed as a robust reference model capable of capturing
nonlinear relationships while reducing the variance associated with individual trees.
Breiman defines Random Forest as a combination of multiple tree predictors, support-
ing its characterization as a stable ensemble method that mitigates the variance of
individual trees [33].

o  XGBoost Regressor—A gradient boosting model widely used in predictive analytics
involving tabular datasets. It was included due to its strong predictive performance
and its ability to model complex interactions among explanatory variables.

o CatBoost Regressor—A gradient boosting model particularly effective for heteroge-
neous datasets and categorical variables. In the present study, CatBoost was treated
as one of the candidate models, and its potential selection as the primary model de-
pended exclusively on its predictive performance on the validation and test datasets.
Prokhorenkova et al. demonstrated that CatBoost was specifically designed as a gradi-
ent boosting framework incorporating dedicated mechanisms for handling categorical
variables [35].

e HistGradientBoosting Regressor with Poisson loss—A model included due to the
nature of the target variable, namely the number of contracts. Since the dependent
variable represents count data, a model employing a Poisson loss function provided
an additional benchmark relative to conventional regression-based approaches.

The use of multiple models enabled an assessment of the robustness of the results and
reduced the risk of drawing conclusions from the performance of a single algorithm. All
models were compared using an identical set of input variables and the same time-based
validation framework.

Model performance was evaluated using standard forecasting accuracy metrics, de-
fined in Equations (5)—(9).
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MAE (Mean Absolute Error)

1 n
MAE = -
i3

Y, — Y (5)

The MAE metric represents the average absolute prediction error expressed in terms
of the number of contracts. It provides a direct measure of the typical deviation between
predicted and actual values.

RMSE (Root Mean Squared Error)

RMSE = i;(y -~ 1?1-)2 ©6)

The RMSE metric penalizes large prediction errors more heavily than MAE and is
therefore particularly useful for identifying models that occasionally produce substantial

deviations from the observed values.
MAPE (Mean Absolute Percentage Error)

100% {*
)y

i=1

Yi—Y;

MAPE = Y,

(7)

The MAPE metric expresses prediction error in percentage terms, making it particu-
larly useful from a business perspective. It facilitates the interpretation of model accuracy
relative to the magnitude of the observed values and enables comparisons across regions
characterized by different sales volumes.

WAPE (Weighted Absolute Percentage Error) was used as the primary metric for
evaluating predictive performance because it is more stable than the classical MAPE [36] in
the presence of observations with a low or zero number of contracts. WAPE relates the sum
of absolute errors to the total actual number of contracts, thereby enabling the interpretation
of prediction error relative to the total sales volume. From a business perspective, this metric
is particularly useful because it indicates what proportion of total sales was incorrectly
estimated by the model.

Y-
WAPE = ————— - 100% (8)
i=11Yil
R? (Coefficient of Determination)
N2

2 =1 (Yi B Yi)
RT=1- R )

i=1 (Yi - Y)

The R? coefficient was used as a complementary measure indicating the proportion
of variability in the number of contracts explained by the model. Chicco, Warrens, and
Jurman discuss R? as a useful metric for regression evaluation [37]; however, in the present
study, this metric was treated as supplementary.

Particular emphasis was placed on the MAE and WAPE metrics during model evalu-
ation. MAE indicates the average prediction error expressed in the number of contracts,
which facilitates the operational interpretation of results. WAPE, in turn, enables the as-
sessment of error relative to the total sales volume and is less sensitive than MAPE to
observations with very low numbers of contracts. RMSE and R? were used as complemen-
tary metrics, whereas MAPE was interpreted with caution due to the possible occurrence
of observations with low actual contract counts.
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Due to the use of nonlinear ensemble models based on decision trees, explainable arti-
ficial intelligence methods were applied to enhance the interpretability of the results [38,39].
Lundberg and Lee introduced SHAP as a unified framework for interpreting model predic-
tions, while Lundberg’s subsequent work focuses on TreeSHAP for tree-based models. In
particular, SHAP values were employed to estimate the contribution of individual variables
to model predictions for each region—-month observation.

In this study, SHAP analysis was used as a global model-interpretability tool. Mean ab-
solute SHAP values were calculated to compare the average magnitude of the contribution
of individual variables to model predictions across the analyzed observations. The values
were also compared between the FULL and REDUCED specifications to assess whether
the relative global importance of the main predictors remained similar after modifying
the feature set. Because no SHAP dependence plots, directional summary plots, or local
explanations were included, the analysis does not determine whether higher or lower
values of a variable increased or decreased individual predictions and does not explain
predictions for specific regions.

The interpretation of SHAP values was conducted with caution, taking into account
the regional nature of the data. The mean absolute SHAP values describe the magnitude of
the predictive contribution of variables but do not indicate the direction of their relationship
with the predicted number of contracts and should not be interpreted as causal effects.
This is particularly important for structural variables such as population, the number of
single-family houses, population density, and previous PV market penetration, which may
be strongly correlated. Therefore, the SHAP results were interpreted as global measures
of predictive contribution rather than as evidence of directional or causal relationships.
This is particularly important for structural variables such as population size, the number
of single-family houses, population density, and previous PV market penetration, which
may be strongly correlated with one another. Therefore, SHAP results were interpreted as
a tool for model explanation and decision support rather than as a basis for direct causal
inference [40].

Due to the temporal nature of the dataset, a random split into training and testing
subsets was not applied because of the potential risk of information leakage between
past and future observations. Instead, a chronological split was employed. The data
were ordered according to the time_index variable, representing consecutive months of
observation from January 2023 to December 2025. In the primary validation procedure,
earlier months were used for model training, subsequent months for validation, and the
final observation period for testing predictive performance. The data partitioning scheme
adopted in this study was as follows: Train: t =1, ..., 24; Validation: t = 25, .. ., 30 and Test:
t=31,..., 36.

The adopted validation strategy reflects realistic forecasting conditions, where models
are trained on historical data and applied to future periods. The test set covers the most
recent six months, providing an out-of-sample evaluation under current market dynamics.
Consequently, the regional UPI ranking derived from this test set should be interpreted as
conditional on the selected six-month evaluation window rather than as a time-invariant
ranking of regions.

All analyses were conducted in Python (Python Software Foundation, Wilmington, DE,
USA) using pandas, scikit-learn (Scikit-learn Developers), XGBoost (XGBoost Developers),
CatBoost (Yandex, Moscow, Russia), and SHAP (SHAP Developers).

2.4. Procedure for Constructing the Untapped Potential Index (UPI)

In this section, the UPI is operationalized as a company-specific regional sales-gap
indicator. The model-predicted number of contracts is derived from regional energy-related,
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housing, demographic, economic, market-maturity, and regulatory variables and is subse-
quently compared with the actual number of contracts achieved by the analyzed company.
Although the current implementation is company-specific, the same operational procedure
may be adapted to broader regional market data following appropriate recalibration and
external validation. After selecting the model with the highest predictive performance,
the expected number of contracts was calculated for each region—-month observation. The
predicted values generated by the model were then compared with the actual number of
contracts. The difference between these values formed the basis for determining both the
absolute sales gap and the relative indicator of untapped sales opportunities.

The procedure for constructing the indicator consisted of the following stages: ag-
gregation of contractual data to the region-month level, training of regression models on
historical data, selection of the model with the highest predictive performance, calculation

AN
of | Yrt | for the test observations, determination of the difference between predicted

and actual values, normalization of this difference relative to the expected value, and
aggregation of the results to the regional level.

For the aggregation of monthly results to the regional level, a cumulative sales gap
measure was used, as expressed in Equation (10):

T A
UPr = Z <Yr,t - Yr,t) (10)

t=1

where UP, denotes the cumulative sales gap in region (r), while (T) represents the number
of months included in the aggregation period.

To enable comparisons across regions characterized by different market sizes, a relative
indicator of untapped sales opportunities was applied, as expressed in Equation (11).

Yo, <Yr,t - Yr,t)

UPIL, = .
E;le Yr,t

(11)

The use of the aggregated form of the indicator enables comparisons between voivode-
ships characterized by different sales volumes and reduces the influence of individual
monthly prediction deviations on the final ranking of regions.

The UPI indicator requires the comparison of two quantities: the actual number of
contracts and the number of contracts expected based on regional characteristics. Con-
sequently, before calculating the indicator, it was necessary to select a model capable of
estimating the expected level of sales as accurately and consistently as possible. For this
reason, several predictive models were compared in the first stage of the analysis, and the
model with the highest predictive performance was subsequently used to construct the
UPI indicator and develop the regional ranking.

The UPI indicator was interpreted as a predictive decision-support measure rather
than as an indicator of technical photovoltaic potential or a causal effect. Its purpose
was to identify regions exhibiting the largest negative difference between actual sales and
the level expected based on regional characteristics and market dynamics. Based on the
values of (UPI;), a ranking of regions according to the level of untapped sales opportunities
was developed.

The interpretation of the UPI indicator is predictive and decision-oriented rather
than causal. It should not be interpreted as a direct measure of technical photovoltaic
potential or as evidence of causal determinants of PV adoption. Accordingly, the UPI
should be interpreted as a sales-side decision-support indicator and not as a comprehensive
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measure of technical PV potential, electricity generation potential, or grid accommodation
capacity. Consequently, the model should not be interpreted as a causal market-saturation
model, even though lagged market maturity variables partially account for previous PV
penetration. A high positive value of the indicator does not automatically imply the
highest technical photovoltaic potential of a region or a strategic error on the part of the
company. Instead, it indicates that, given the regional characteristics and market dynamics,
the model predicted a higher number of contracts than was actually achieved. From the
perspective of an installation company, regions with positive UPI values may represent
areas requiring more detailed sales analysis, intensified commercial activities, or better-
targeted marketing campaigns.

For the aggregation of monthly results to the regional level, the average value of the
UPI indicator and the cumulative sales gap over the analyzed period were used.

During the preliminary drafting stage, GenAl-assisted visualization was used only to
prepare an initial visual concept of the maps. The final maps included in the manuscript
were prepared using a reproducible geospatial workflow. Regional UPI values were joined
with polygon boundaries of Polish voivodeships using regional codes. The maps were
generated using standard geospatial and plotting libraries, with fixed legends, labelled
units, and high-resolution export settings. GenAl was not used as a source of data or as an
analytical tool.

3. Results

The use of multiple machine learning algorithms reduced the risk of arbitrarily se-
lecting a single method and made it possible to assess whether the model chosen as the
primary model actually outperformed both the simple baseline model and the alternative
predictive models. The selection of the primary model was based primarily on the WAPE
metric, as it is more stable than the classical MAPE in the presence of observations with a
low actual number of contracts. At the same time, it enables the interpretation of prediction
error relative to the total sales volume.

The comparison of models (Table 2) on the test dataset showed that CatBoost achieved
the best predictive performance.

Table 2. Comparison of the Predictive Performance of Models on the Validation and Test Datasets.

Model Dataset MAE RMSE MAPEO WAPE% R?
Nonzero%

Resrional mean baseline Validation 19.21 23.11 179.80 141.97 —5.34
& Test 16.28 20.76 134.84 94.49 —2.53
Random F Validation 3.70 5.04 40.60 27.31 0.70
andom Forest Test 6.88 9.63 46.44 39.95 0.24
NCBoost Validation 434 5.48 44.03 32.08 0.64

008 Test 6.97 9.04 55.21 40.48 0.33
HistGradientBoosting Validation 4.47 6.55 42.43 33.01 0.49
Poisson Test 7.29 10.08 45.07 42.31 0.17
CatBoost Validation 3.65 4.66 37.64 26.96 0.74
atboos Test 6.05 8.73 42.66 35.11 0.38

Table 2 presents the predictive performance of all evaluated models on the validation
and test datasets. Lower values of MAE, RMSE, WAPE, and MAPE for non-zero obser-
vations indicate better predictive accuracy, whereas a higher R? value indicates a larger
proportion of explained variance. WAPE was treated as the primary evaluation metric
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because it is more stable than classical MAPE when the dataset contains observations
with low or zero numbers of contracts. The results show that CatBoost achieved the most
favorable combination of error metrics, particularly the lowest WAPE and MAE on the test
set. Therefore, CatBoost was selected as the primary model for constructing the UPL

This model achieved the lowest values of MAE, WAPE, and MAPE for non-zero
observations. The WAPE value was 35.11%, compared to 39.95% for Random Forest, 40.48%
for XGBoost, and 42.31% for HistGradientBoosting Poisson. The baseline model based on
the regional mean achieved a WAPE of 94.49%, indicating that it was unable to accurately
capture sales dynamics during the test period.

CatBoost also achieved the lowest MAE value, equal to 6.05 contracts per region—
month observation. This indicates that its average absolute prediction error was lower than
that of the other analyzed models.

Further calculations of the UPI indicator were performed using the CatBoost model, as
it achieved the best overall predictive performance. The selection of a single primary model
was necessary to avoid generating multiple potentially inconsistent rankings of regional
potential. In this study, the remaining models were used for comparison and validation.
Their results confirmed that the selection of CatBoost was not arbitrary but resulted from
an empirical comparison of predictive performance.

After selecting CatBoost as the primary model, an additional robustness test was
conducted using a reduced set of features. The purpose of this stage was not to identify a
new best-performing model but to verify whether the conclusions obtained from the full
model remained stable after reducing the multicollinearity of regional variables. Based on
the observed VIF values for the CatBoost model, presented in Table 3, the models were
recalculated in two variants (specifications): the FULL model (unchanged specification)
and the REDUCED model, with the variables single_family_houses, area_km?, and installa-
tions_per_1000_houses_lag1 removed. The removal of these variables was justified by their
high multicollinearity with other predictors and their partial informational redundancy
relative to installed_capacity_kw_per_capita_lag1.

Table 3. Variance Inflation Factor (VIF) Values for the Explanatory Variables.

Feature VIF
population 803.889
single_family_houses 764.800
population_density_per_km? 76.379
area_km? 36.690
installed_capacity_kw_per_capita_lagl 29.249
installations_per_1000_houses_lagl 28.689
single_family_per_1000_population 22.418
gdp_per_capita_pIn 13.583
urbanization_rate 7.465
ghi_kwh_mz_year 3.280
time_index 1.074
month_sin 1.069
month_cos 1.005

Table 3 reports the VIF values used to diagnose multicollinearity among the explana-
tory variables. The highest VIF values were observed for population and the number of
single-family houses, which reflect the structural relationship between demographic scale
and the size of the housing stock. High VIF values were also observed for population
density, area, and previous PV market penetration indicators. This confirms that several
regional characteristics are strongly interrelated. For this reason, the VIF analysis was used

https://doi.org/10.3390/en19153618


https://doi.org/10.3390/en19153618

Energies 2026, 19, 3618

22 of 34

not to exclude the FULL model, but to motivate an additional robustness check based on a
REDUCED specification.

The high multicollinearity of these variables results from the nature of regional data.
Variables describing demographic scale, the number of single-family houses, population
density, regional area, and previous PV market penetration are naturally interrelated. In the
case of tree-based models, multicollinearity does not invalidate the predictive procedure to
the same extent as in linear models, because these models do not directly estimate linear
regression coefficients. However, it may affect the interpretation of feature importance,
including SHAP values.

Table 4 compares model performance under the FULL and REDUCED feature speci-
fications. The REDUCED specification was introduced to verify whether the removal of
highly collinear variables substantially changes predictive performance. The results show
that the CatBoost REDUCED model achieved performance close to the CatBoost FULL
model, which indicates that the predictive conclusions are relatively robust to changes in
the variable set. Nevertheless, CatBoost FULL retained the best overall performance in
terms of the main business-oriented error metrics, particularly WAPE and MAE, and was
therefore used as the primary model for the final UPI calculation.

Table 4. Comparison of Models for Different Sets of Variables.

MAPE

Feature set Model MAE RMSE o WAPE% R?
Nonzero%

FULL CatBoost 6.05 8.73 42.66 35.11 0.38
REDUCED CatBoost 6.28 8.96 44.76 36.43 0.34
REDUCED XGBoost 6.58 8.70 53.16 38.20 0.38
REDUCED Random Forest 6.83 9.55 46.35 39.63 0.25

FULL Random Forest 6.88 9.63 46.44 39.95 0.24

FULL XGBoost 6.97 9.04 55.21 40.48 0.33

FULL HGB Poisson 7.29 10.08 45.07 42.31 0.17
REDUCED HGB Poisson 7.45 10.20 46.15 43.26 0.15

FULL/REDUCED Regional mean baseline 16.28 20.76 134.84 94.49 —2.53

Although the XGBoost model in the REDUCED specification achieved a slightly higher
R? value, the CatBoost FULL model obtained the best values of MAE, WAPE, and MAPE
for non-zero observations. Since WAPE and MAE have a direct business interpretation in
the context of the number of contracts, CatBoost FULL was selected as the primary model.

3.1. Selection of the Untapped Potential Index (UPI)

After selecting the primary model, the regional Untapped Potential Index (UPI) was
calculated. This indicator compares the number of contracts predicted by the model with
the actual number of contracts in a given voivodeship.

Negative UPI values should not be interpreted as indicating a lack of regional photo-
voltaic potential. They indicate only that the analyzed company achieved more contracts
than predicted by the model during the analyzed period. Table 5 distinguishes regions with
positive company-specific sales gaps, regions where sales were close to the model-predicted
level, and regions where actual sales exceeded that level.

Table 5 presents the regional UPI values calculated using the CatBoost FULL model.
The table compares the actual number of contracts achieved by the analyzed company
with the number of contracts predicted by the model. The absolute sales gap indicates the
numerical difference between predicted and actual contracts, while the UPI expresses this
difference relative to the predicted value. Positive UPI values indicate regions where the
company achieved fewer contracts than expected by the model, whereas negative values
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indicate regions where actual sales exceeded model-based expectations. Therefore, the
classification in Table 5 should be interpreted as a company-specific sales performance
assessment rather than as a direct measure of total regional PV market potential.

Table 5. UPI Values and Classification of Company-Specific Regional Sales Gaps.

Actual Predicted UP

Region Code * Contracts Contracts Absolute UFI Interpretation
ZPM 65.97 23.97 0.36 large positive sales gap
LOD 104.41 33.41 0.32 large positive sales gap
POM 173 169.06 —3.94 —0.02 sales close to predicted level
OPO 83.87 —2.13 —0.03 sales close to predicted level
KUJ 75.06 —5.94 —0.08 sales close to predicted level
DOL 184 154.98 —29.02 -0.19 sales above predicted level
LUS 34.29 -9.71 —0.28 sales above predicted level
WKP 176 136.41 —39.59 —0.29 sales above predicted level
SLA 149 109.16 —39.84 —0.36 sales above predicted level
SWI 31.22 —11.78 —0.38 sales above predicted level
WMA 59.63 —25.37 —0.43 sales above predicted level
MAL 189 104.46 —84.54 —0.81 sales above predicted level
MAZ 167 90.75 —76.25 —0.84 sales above predicted level
LUB 30.26 —26.74 —0.88 sales above predicted level
PDL 17.25 —17.75 —1.03 sales above predicted level
PDK 34.67 —37.33 —1.08 sales above predicted level

* Note: Region codes are defined in Table 1.

The interpretation presented in Table 5 refers to the sales performance of the analyzed
company and should not be understood as a direct assessment of total regional photo-
voltaic market potential. Therefore, high positive UPI values should be treated as signals
for further managerial diagnosis rather than as definitive evidence of unmet regional
photovoltaic demand.

The highest positive UPI values in the CatBoost FULL model were obtained for the
ZPM and LOD regions. In the ZPM region, the actual number of contracts during the
test period was 42, whereas the model predicted 65.97 contracts, corresponding to a UPI
value of 0.363. In the LOD region, the actual number of contracts was 71, while the model
predicted 104.41 contracts, resulting in a UPI value of 0.320.

This result indicates that ZPM and LOD had the largest positive company-specific
regional sales gaps during the analyzed period. From the perspective of the analyzed
company, these regions may be treated as exploratory priority areas for further diagnosis
of sales barriers, marketing activities, and local sales coverage within the analyzed test
window, rather than as definitive long-term targets for resource allocation.

The POM, OPO, and KU]J regions were characterized by UPI values close to zero.
This indicates that actual sales in these regions were close to the levels expected by the
model. In contrast, regions such as PDK, PDL, LUB, MAZ, and MAL achieved negative
UPI values, indicating that actual sales exceeded the levels predicted on the basis of the
regional characteristics included in the model. This result may reflect a stronger market
position of the company and more effective commercial activity.

The robustness test indicated that the regional UPI ranking was relatively stable across
the FULL and REDUCED model specifications within the same six-month test window.
This analysis evaluates sensitivity to changes in the feature set but does not establish
temporal stability across different market periods. Validation across multiple rolling-
origin or expanding-window test periods would be required to assess whether the ranking
remains stable over time. The ZPM and LOD regions remained the two highest-ranked
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regions in both the full and reduced CatBoost specifications. In the FULL model, the UPI
values were 0.363 for ZPM and 0.320 for LOD. In the REDUCED model, these values were
0.402 and 0.328, respectively.

The stability of the highest-ranking positions indicates that the identification of ZPM
and LOD as the regions with the largest positive company-specific sales gaps was not
an artifact of multicollinearity among regional variables. Similarly, the POM, OPO, and
KU]J regions remained close to their expected levels in both specifications, although their
ranking positions changed slightly.

Given that two CatBoost model specifications were considered, changes in the UPI
indicator were also analyzed with respect to the selected model variant. The results of
the UPI stability analysis are presented in Table 6. Comparing the values obtained for the
full and reduced sets of variables makes it possible to assess whether the identification of
regions with positive company-specific sales gaps remains stable across alternative model
specifications. Particular attention was paid to differences in UPI values and changes in the
ranking positions of regions.

It should be emphasized that the presented UPI values describe the relative regional
sales performance of the company analyzed after accounting for regional structural charac-
teristics. They do not represent the overall photovoltaic potential, technical solar potential,
or total market potential of individual regions. The regional distribution of the company-
specific UPI_FULL values is presented in Figure 3, while the corresponding numerical
values are reported in Table 6.

14°E 16°E 18°E 20°E 2°E MWE
Region code | UPI_FULL
ZPM 036
LoD 032
s4oN LsaeN POM -0.02
0oPO -0.03
Ku) -0.08
DOL -0.19
LUS -0.28
WKP -0.29
-  on SLA -0.36
SWI -0.38
WMA -0.43
MAL -0.81
MAZ -0.84
LUB -0.88
PDL -1.03
Sy e PDK -1.08
14°E 16°E 18°E 20°E 2°F 24°E

Figure 3. Regional distribution of UPI_FULL company-specific coefficient values across Polish
voivodeships. Positive UPI values indicate regions where the analyzed company achieved fewer PV
installation contracts than predicted by the machine learning model based on regional characteristics.
Negative values indicate regions where the company exceeded the model-predicted sales level. The
map represents the analyzed company’s relative sales performance and should not be interpreted
as a map of the general regional photovoltaic potential or technical solar potential. The ranking of
Polish voivodeships according to company-specific UPI_FULL values is presented in Figure 4. The
citation to Figure 4 has been added to the text.
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Figure 4. The ranking of regions according to the UPI values. Ranking of Polish voivodeships
according to company-specific UPI_FULL values. Higher positive values indicate larger gaps between
the analyzed company’s actual and model-predicted numbers of PV installation contracts. Negative
values indicate regions where the company exceeded the model-predicted sales level. The ranking
reflects the analyzed company’s regional sales performance and should not be interpreted as a
ranking of overall regional photovoltaic market potential.

Table 6. Stability of the UPI Indicator with Respect to the Variable Set Specification.

. UPI Rank Rank UPI
Region Code®  UPIFULL  prpycpp — RankFULL  peniceD Difference Difference
ZPM 0.36 0.40 1 1 0 —0.04
LOD 0.32 0.33 2 2 0 ~0.01
POM —0.02 ~0.03 3 4 1 0.01
OPO ~0.03 0.01 4 3 1 ~0.03
KUJ ~0.08 ~0.06 5 5 0 ~0.02
DOL ~0.19 —0.24 6 6 0 0.05
LUS 028 ~0.36 7 9 2 0.07
WKP ~0.29 ~031 8 7 1 0.02
SLA ~0.36 ~0.33 9 8 1 ~0.03
SWI ~0.38 —0.41 10 10 0 0.03
WMA ~0.43 —0.55 11 11 0 0.13
MAL ~0.81 ~0.92 12 14 2 0.11
MAZ —0.84 ~0.85 13 12 1 0.01
LUB —0.88 —0.86 14 13 1 ~0.02
PDL ~1.03 ~1.01 15 15 0 ~0.02
PDK ~1.08 ~1.10 16 16 0 0.02

* Note: Region codes are defined in Table 1.

3.2. Model Interpretability

Model interpretability was analyzed using SHAP values, which make it possible
to determine the relative contribution of individual variables to model predictions. The
aggregated results are presented in Table 7. Comparing SHAP values for the full and
reduced sets of variables makes it possible to assess whether the importance of the most
influential predictors remains stable across alternative model specifications.
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Table 7. Global Variable Importance Based on Mean Absolute SHAP Values.
Feature SHAP Full SHAP Reduced
time_index 18.55 18.66
population 517 5.22
installed_capacity_kw_per_capita_lagl 3.08 4.49
population_density_per_km? 1.97 2.25
installations_per_1000_houses_lagl 1.95 —
single_family_per_1000_population 1.17 1.55
month_cos 1.16 1.22
month_sin 1.02 0.92
gdp_per_capita_pln 0.94 1.28
single_family_houses 0.83 —
urbanization_rate 0.53 0.79
subsidy_period 0.36 0.46
ghi_kwh_mz_year 0.30 0.31
area_km? 0.18 —

SHAP values should be interpreted as predictive contributions of variables rather than
as causal effects. This is particularly important in the case of regional data, where many
variables are structurally related to one another. Multicollinearity may distribute predictive
importance across correlated variables or shift part of the apparent contribution from one
variable to another. For this reason, the SHAP results should not be interpreted as evidence
that one regional characteristic independently determines sales outcomes. Rather, they
indicate which groups of variables were most informative for the predictive model.

The values reported in Table 7 are mean absolute SHAP values. Therefore, they
describe the average magnitude of each variable’s contribution to model predictions, but
they do not indicate the direction of the relationship between a variable and the predicted
number of contracts. Accordingly, the results presented in Table 7 cannot be used to
conclude that an increase in a given variable increased or decreased the predicted number
of contracts.

In the FULL model, the highest mean absolute SHAP value was obtained for the
time_index variable. This indicates that time_index had the largest average absolute contri-
bution to model predictions among the variables included in the analysis. However, the
mean absolute SHAP value does not show whether later observations were associated with
higher or lower predicted contract volumes. The result may reflect predictive information
related to temporal market dynamics, but its direction and the underlying mechanisms
cannot be established without additional directional or local SHAP analyses.

In this study, SHAP was used primarily as a global interpretability tool to identify
the variables that contributed most strongly to model predictions. A detailed directional
analysis based on SHAP dependence plots or local SHAP explanations for individual
regions was beyond the main scope of the present study, which focused on the construction
and validation of a company-specific regional sales-gap indicator.

The second most important variable was population, indicating that the model cap-
tured the scale effect of the regional market. Regions with larger populations provide a
larger pool of potential prosumer PV customers. Population had the second-highest mean
absolute SHAP value in the FULL model, indicating a relatively large average contribution
to model predictions. However, the reported value does not establish whether larger
populations increased or decreased the predicted number of contracts. High mean absolute
SHAP values were also observed for variables describing previous PV market maturity, par-
ticularly installed_capacity_kw_per_capita_lag1 and installations_per_1000_houses_lag1. These

https://doi.org/10.3390/en19153618


https://doi.org/10.3390/en19153618

Energies 2026, 19, 3618

27 of 34

results identify variables that were informative for the model but do not establish direc-
tional or causal relationships.

In the REDUCED model, the structure of feature importance remained consistent. The
most important variables were time_index, population, installed_capacity_kw_per_capita_lagl,
population_density_per_km?, single_family_per_1000_population, and gdp_per_capita_pln. Af-
ter removing installations_per_1000_houses_lag1, the mean absolute SHAP value of in-
stalled_capacity_kw_per_capita_lagl increased from 3.08 to 4.49. This change indicates a
redistribution of predictive attribution after modifying the feature set, but it does not estab-
lish the direction of either variable’s relationship with the predicted number of contracts.

The relatively low importance of ghi_kwh_m?_year does not imply that solar irradiation
is unimportant for the technical performance of PV installations. Rather, this result suggests
that, within the regional sales model for Poland, differences in annual solar irradiation
between voivodeships were less important than variables describing temporal dynamics,
market scale, previous PV adoption, and socio-demographic structure.

The relatively low importance of subsidy_period may appear surprising, particularly
given the common narrative that subsidy programs effectively stimulate the market and
contribute to the adoption of green energy. The subsidy_period variable obtained a relatively
low but non-zero SHAP importance. In the full model, the mean absolute SHAP value for
this variable was 0.356, while in the reduced model it increased to 0.458. This indicates
that information about subsidy periods contributed to the model’s predictive performance,
although its importance was lower than might intuitively be expected.

The mean absolute SHAP value of subsidy_period indicates that this variable contributed
less to the model predictions than the highest-ranked predictors. However, the analysis
does not show whether subsidy periods increased or decreased predicted contract volumes.
Because subsidy_period and time_index both vary over time, their predictive attributions
may partially overlap, particularly in the presence of correlated temporal information. The
current analysis does not quantify the extent of this overlap or identify a causal effect of
subsidy programs.

It should also be noted that the authors expected a relatively low importance value for
this variable because of the specific sales strategy employed by the company that provided
the data. This strategy was based on concluding conditional contracts that were activated
when a support program covering specific activities was introduced. This company-specific
sales mechanism may have affected how subsidy-related information was represented in
the analyzed data and attributed by the model. Therefore, the relatively low mean absolute
SHAP value of subsidy_period should not be interpreted as evidence that subsidies are
unimportant for the photovoltaic market.

4. Discussion

The results show that regional differences in photovoltaic development in Poland
cannot be explained solely by natural conditions such as solar irradiation. Although
solar resources remain an important determinant of PV installation efficiency, the analyses
conducted indicate that regional differences in photovoltaic adoption are determined to a
much greater extent by socio-economic, demographic, infrastructural, and market-related
factors. The time_index variable had the highest mean absolute SHAP value, indicating that
it made the largest average absolute contribution to the model predictions. This finding
identifies temporal information as highly relevant to predictive performance but does not
establish the direction of the relationship or demonstrate that temporal market dynamics
causally determined monthly contract volume. This result is consistent with previous
studies indicating that the diffusion of renewable energy technologies in the prosumer
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sector is multidimensional and depends on interactions between technical potential and
the socio-economic readiness of regions [24-27].

This also means that the economic viability of PV installations should be assessed in
a broader framework that includes annual yield, self-consumption, support mechanisms,
energy prices, investment costs, and system-integration constraints, rather than on the
basis of sunshine duration alone.

At the same time, the significance of regional variables indicates that the temporal
trend alone does not fully explain the prediction mechanism. Population and the lagged
variables describing previous PV penetration also had relatively high mean absolute SHAP
values. This indicates that these variables contained information used by the model when
generating predictions. However, the present analysis does not determine whether higher
values of these variables increased or decreased predicted sales, nor does it identify the spe-
cific mechanisms underlying their predictive contribution. Potential explanations involving
market maturity, technology visibility, neighborhood influences, or previous prosumer
activity would require additional directional analysis and independent validation.

One of the most important findings of this study is the identification of a difference
between the number of contracts expected on the basis of regional characteristics and the
company’s historical data and the number of contracts actually achieved by the analyzed
firm. The proposed UPI enabled the identification of voivodeships in which the company’s
sales remained below the level predicted by the model. This result should not be interpreted
as a direct measure of total regional photovoltaic market potential.

The developed UPI enables a transition from prediction alone to practical decision sup-
port for companies selling PV installations and energy storage systems. This result indicates
that ZPM and LOD were the regions with the highest company-specific sales gaps during
the analyzed period. However, this finding should be interpreted with caution. Lower
observed sales in these regions may reflect not only untapped regional sales opportunities,
but also firm-specific operational factors, such as weaker local sales coverage, a smaller
number of sales representatives, lower marketing intensity, stronger local competition,
limited installation capacity, or other organizational constraints.

A particularly important conclusion of the analysis concerns the role of housing
structure and suburbanization processes. Variables describing the single-family housing
structure contributed to model predictions, although their mean absolute SHAP values
were lower than those of time_index, population, and the main market-maturity variables.
The present SHAP analysis does not establish whether a larger housing stock increased
predicted contract volumes. Nevertheless, the inclusion of these variables is substantively
justified by previous literature describing the relevance of rooftop availability and house-
hold investment autonomy to prosumer PV adoption. This result is consistent with findings
reported in the European literature, according to which single-family housing significantly
increases the likelihood of investment in renewable energy technologies. At the same
time, highly urbanized regions characterized by a predominance of multi-family housing
face significant organizational and infrastructural barriers that limit the development of
PV micro-installations.

Another important finding is that favorable solar irradiation conditions alone did not
correspond to higher contract volumes or positive company-specific sales gaps. In the
predictive model, annual solar irradiation had lower mean absolute SHAP importance than
temporal dynamics, population, and previous PV market maturity. This result describes the
relative predictive contribution of the variables included in the current company-specific
model and should not be interpreted as a causal relationship. A broader regional market
assessment would require independent market and technical data. This indicates that
natural conditions alone are insufficient to stimulate PV market development without an
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adequate level of household prosperity, access to financing, development of electricity
infrastructure, and maturity of the installation market. This finding supports the view that
the energy transition is a socio-technical process rather than a purely technological one.

From the perspective of machine learning applications in energy economics, the study
demonstrates that predictive models can support company-level sales decision-making in
the photovoltaic installation market. The proposed approach enables the identification of
regions in which the analyzed company’s actual sales fall below the level predicted on the
basis of regional characteristics and historical sales patterns. Therefore, the model should
be understood as a decision-support tool rather than as a causal model of photovoltaic
adoption or a direct measure of technical PV potential [41]. The proposed model enables the
identification of regions in which the analyzed company’s actual sales fall below the level
predicted on the basis of regional characteristics and historical sales patterns. Accordingly,
the regional ranking may provide an exploratory input for resource allocation, regional
expansion planning, and marketing optimization within the analyzed company. However,
these decisions should not be based on the ranking alone and should be reassessed as new
sales and operational data become available.

The study has several limitations that should be considered when interpreting the
results. First, the contractual data originate from a single installation company. Although
the company operates nationwide and the dataset covers sales activity across all Polish
voivodeships, the results should not be interpreted as fully representative of the entire
PV installation market. In particular, the model does not include contract-level data from
competing companies or direct information on regional market shares. Consequently,
a positive UPI value may reflect both regional market characteristics and firm-specific
factors, including local sales coverage, marketing intensity, available operational capacity,
commercial strategy, and competitive position. Therefore, the indicator should not be
interpreted as a direct and universal measure of total regional photovoltaic market potential.
At the same time, the proposed modeling approach enables the adoption of this solution
by any entity operating in this market, provided that historical sales data are available.
The results therefore reflect both the characteristics of the regional market and the specific
business practices of the analyzed company.

Second, some regional variables in the FULL specification exhibited high multi-
collinearity. This is an expected phenomenon in regional datasets, where demographic scale,
building stock, population density, and previous market maturity are naturally interrelated.
The impact of this limitation was partially mitigated through the use of the REDUCED
specification as a robustness test. Nevertheless, SHAP values should be interpreted as
measures of predictive contribution rather than causal effects.

Third, the test dataset covered the final six months of the analyzed period and the
validation procedure was based on a single chronological split. Consequently, the reported
regional ranking is conditional on this specific test window and should not be interpreted
as a stable long-term prioritization of regions. At the current stage, it should be treated
as an exploratory decision-support result requiring confirmation with more recent data
and additional temporal validation. Future research should therefore extend the analysis
through rolling-origin or expanding-window validation to assess the stability of model
performance and regional rankings across different market subperiods. Another limitation
concerns the representation of long-term historical PV market saturation. Although the
model includes lagged indicators of PV market maturity, such as installed capacity per
capita and installations per 1000 houses, it does not include a separate long historical panel
of regional installed capacity prior to the study period. As a result, the model may not
fully capture saturation effects resulting from the cumulative stock of PV installations.
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This limitation should be considered when interpreting temporal dynamics and regional
UPI values.

Fourth, the model does not include several operational variables that are central to the
interpretation of a company-specific sales-gap indicator, such as the number of leads, the
number of active sales representatives, marketing expenditure, local competition, the avail-
ability of installation teams, installation capacity, or customer acquisition costs. The absence
of these variables means that high positive UPI values should not be interpreted solely as
evidence of untapped market demand. They may also indicate weaker company presence,
lower sales effort, stronger competition, or operational constraints in a given region.

A further limitation is that the analytical framework is primarily sales-side. Although
the manuscript discusses grid constraints and curtailment as important contextual factors,
these variables were not included directly in the predictive model. Consequently, the
model does not capture regional differences in actual PV electricity generation, curtailment
levels, grid-connection constraints, or the capacity of the power system to accommodate
additional PV generation. This limitation should be considered when interpreting the UPI
as an indicator of sales opportunities rather than technical energy-system potential.

The study also highlights the growing importance of infrastructural constraints and
power system flexibility in the context of further photovoltaic market development. The
increasingly frequent occurrence of curtailment in Poland, resulting from congestion in
transmission and distribution networks, may reduce the actual utilization of solar energy
potential. These infrastructural constraints form part of the broader context of photovoltaic
market development but are not measured by the current UPI, because regional curtailment
and grid-capacity variables were not included in the predictive model. Accordingly, the
present UPI should be interpreted as a company-specific regional sales-gap indicator.
Nevertheless, these infrastructural variables could be incorporated into a future market-
wide extension of the framework.

The article proposes a regional decision-support model for the photovoltaic installation
market in Poland, based on real contractual data from an installation company and regional
socio-economic, demographic, energy-related, market, and regulatory variables. The
uniqueness of the study also results from the use of actual contractual data from an
installation company. Such data are rarely available for scientific research purposes because
companies treat information on sales, customers, contracts, and the regional effectiveness
of commercial activities as strategic assets. Therefore, the possibility of developing a model
based on operational data rather than solely on public or aggregated statistics constitutes
an important empirical and practical contribution of this study.

The CatBoost model in the FULL specification achieved the best predictive perfor-
mance, obtaining a WAPE of 35.11% and an R? value of 0.377 on the test dataset. This
model significantly outperformed the baseline model based on the regional mean, for
which WAPE reached 94.49% and R? assumed a negative value. This indicates that machine
learning models were better able to capture the sales dynamics of PV installations than a
simple extrapolation of historical regional averages.

The robustness test using the REDUCED specification confirmed the stability of the
results. Despite the removal of highly collinear variables, predictive performance remained
similar, and the ranking of regions according to the UPI indicator remained highly stable.
The ZPM and LOD regions remained the two highest-ranked areas with the largest positive
company-specific sales gaps in both the FULL and REDUCED models.

The proposed UPI indicator enables the identification of regions in which actual sales
were lower than the model-predicted level during the analyzed test period. The resulting
ranking may serve as an exploratory decision-support input for the allocation of sales
resources, the planning of marketing campaigns, and the identification of regions requiring
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further managerial diagnosis. Because the ranking is conditional on the six-month test
window, it should be updated and reassessed before being used for long-term operational
decisions. It should be emphasized that, despite their high predictive performance, machine
learning models do not enable direct causal inference. The identified relationships should
therefore be interpreted primarily as predictive relationships rather than strict cause-and-
effect relationships. Future research could usefully extend the analysis by incorporating
spatial econometric methods, panel data models, or causal inference techniques, which
could provide a better understanding of the mechanisms underlying regional differences
in the photovoltaic market.

Future research directions should also include the integration of additional infrastruc-
tural and power-system variables, such as regional PV electricity generation, curtailment
levels, grid-connection availability, power accommodation capacity, regional electricity
prices, and energy consumption profiles. Before the framework can be used to formulate
broader regional development or policy recommendations, future studies should vali-
date the UPI against independent regional market data and include additional variables
describing grid capacity, local competition, sales coverage, and operational constraints.
Incorporating these factors could improve the explanatory power of the model and enable
a more comprehensive assessment of barriers to PV market development. Extending the
analysis to other energy transition technologies, such as heat pumps and energy storage
systems, could also facilitate the development of integrated models of regional energy
transition potential.

A further research direction should involve external validation of the UPI against
independent data on the total number of photovoltaic installations or contracts in individual
regions, as well as data on competitors’ sales activity where available. Incorporating the
analyzed company’s regional market share as a calibration variable or external benchmark
could help distinguish broader market conditions from firm-specific effects and support
a broader regional interpretation of the indicator. Future research should also consider
the application of rolling-origin or expanding-window validation approaches to assess
the temporal stability of model predictions and the resulting UPI rankings. Such methods
would provide a more comprehensive evaluation of the robustness of the results under
changing market conditions.

Future research should also incorporate longer historical time series of regional PV in-
stalled capacity, annual additions, and explicit market saturation indicators. Such variables
would make it possible to distinguish more clearly between regions with genuinely lower
future demand due to prior market saturation and regions where sales remain below the
level expected from current regional characteristics.

Future research should also extend the explainability analysis by including directional
SHAP summary plots, SHAP dependence plots, and local explanations for selected regions,
particularly those with the highest positive UPI values. Such analyses would make it
possible to assess the direction and regional specificity of variable contributions, which
cannot be determined from the mean absolute SHAP values reported in the present study.
Such an extension would allow a more detailed assessment of the direction and regional
specificity of variable effects, while also helping to distinguish global model behavior from
local prediction mechanisms.

In conclusion, this study demonstrates that machine learning can support company-
specific regional sales decision-making in the Polish photovoltaic installation market.
Among the evaluated models, CatBoost achieved the best predictive performance and
was used to construct the Untapped Potential Index (UPI). The UPI enabled the identifica-
tion of regions where the actual number of contracts achieved by the analyzed company
was lower than the level expected on the basis of regional characteristics and historical
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sales patterns. The highest positive UPI values were observed for ZPM and LOD within the
six-month test window, indicating company-specific regional sales gaps that may warrant
further managerial diagnosis. The resulting ranking should be interpreted as exploratory
and time-window dependent rather than as a definitive basis for long-term regional priori-
tization. Broader market-level conclusions require validation using independent data on
regional markets, infrastructure, and the company’s market share.
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