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USE OF GENERATIVE ARTIFICIAL 

INTELLIGENCE TO IMPROVE 

OUTPUT MESSAGE EFFECTIVENESS 

IN DECISION SUPPORT SYSTEMS 

FOR PROSUMERS

The object of this study is the use of generative artificial intelligence (GenAI) to create output messages in a decision support sys-
tem  (DSS) for prosumers. The research addresses the challenge of improving user experience (UX ) by enhancing the effectiveness of DSS 
messages. A prototype DSS was developed for a specific private household equipped with solar panels. A rule-based message generation 
system was created as a baseline for comparison. An evaluation was conducted through surveys in Ukrainian and English. GenAI 
models from OpenAI and Anthropic were compared. Messages were assessed along two key dimensions of UX quality: usefulness and 
ease of comprehension.

The results indicate that GenAI can enhance the effectiveness of DSS recommendations for specific user groups without adverse 
effects. The Sonnet 3.5 model (Anthropic) generated messages that were rated as statistically more useful (p < 0.05) by female users in 
Ukrainian. Users preferred shorter messages in English, and Sonnet 3.5 outperformed GPT-4 (OpenAI) in terms of usefulness in both 
languages (p < 0.05).

The higher usefulness ratings can be attributed to more detailed recommendations while maintaining natural language. The 
English-language results were likely influenced by the fact that respondents were not native speakers. Differences between the models 
are associated with the specifics of their integration into the DSS.

The results prove the hypothesis that GenAI can improve the efficiency of DSSs by generating more useful but not more complex 
messages. These results also indicate that GenAI’s main advantage is in tailoring the DSS output to the needs of different user groups. 
The difference in results between the models highlights the need for proper testing of the developed AI solutions in specific contexts.  
The results will be used to develop a more efficient DSS for electricity prosumers.
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1. Introduction

Contemporary power systems (PS) have an increasing number of 
components, and the complexity of their structure is growing. The con-
tributing factors include smart grid participants, private households with 
generation capacity (prosumers), and the integration of microgrids [1–3].  
This trend increases the amount of automated and manual decisions that 
have to be made in the grid at every point in time to manage different 
parts of the system [1, 4]. While automated solutions can often scale and 
rise to the challenge, human operators at different levels struggle with 
making so many management decisions  [5]. Moreover, some control 
processes can be automated on a macro level of the grid, but they face 
additional challenges when adapting to the micro level. For instance, 
users may doubt fully automated AI-based decisions because of a lack of 
trust, transparency, and explainability [6, 7]. Because of that, some fully 
automated solutions are adapted as semi-automated or manual decision-
making at the micro level of the grid. These factors increase the need for 
decision support systems (DSSs) in PS [1, 5, 8–10].

The main challenges human operators face in decision-making are 
the amount of information and cognitive load required to make each 

decision. The number of decisions to make and the significant amount 
of available information contribute to the first component and make 
the operator’s workload higher [11, 12]. The cognitive load on a human 
operator reduces efficiency, as even when a reasonable amount of data is 
provided, the operator should often do some intermediate calculations 
or reasoning and find insights in the data [13, 14]. These factors reduce 
the number of decisions one operator can make at a desired quality 
without additional support [15, 16].

An efficient DSS targets all these challenges. First, it gathers, processes, 
enhances, and structures the information to present it to a user. This 
helps to avoid information overload [15, 17]. Second, it reduces the cog-
nitive load on the operator by preparing intermediate calculations and 
extracting patterns and insights from the data volumes [17–21]. Third, 
DSS provides better transparency into all steps of information processing 
and thus can increase trust and allow for broader adoption of semi-au-
tomated solutions [6, 22], for example, AI-based solutions in prosumers. 
However, the described benefits depend on how well the information is 
delivered to an operator, for example, if correct information was chosen 
to be presented and if it was in an optimal format [17–19]. Moreover, an 
optimal format depends on a specific domain and application [20–24].
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Therefore, it is a potent research direction to focus on improving 
the efficiency of how DSS delivers information to human operators, 
specifically in prosumer’s decision-making, at the micro level of a power 
grid where many decisions are made.

As mentioned before, there is a naturally growing need for DSS 
in the PS domain. Many applications exist, but solution design often 
resorts to manually constructing the format of the DSS outputs. For 
example, in [10] authors developed a DSS for managing and optimizing 
the flexibility of a power grid enhanced with renewable energy sources 
and energy storage. In  [8], a DSS is applied to support wind energy 
generation by providing forecasts to the operator  [9] demonstrates 
that DSS can be employed to identify urban areas with the potential 
for improving energy efficiency and renewable energy sources. In [25], 
the authors present a DSS that helps analyze the feasibility of renewable 
energy developments in England.

In all these examples, no primary focus was on the output for-
mat of the DSS, only on its task-solving effectiveness. Moreover, the 
related literature review revealed that a significant proportion of the 
DSS studies in the PS domain focus on centralized, macro-level opera-
tions, while micro-level subjects and DSS for individual prosumers are 
comparatively underrepresented. Some examples of DSS specifically 
for prosumers include  [26], where authors suggested a DSS for pro-
sumer communities, and [27], where a rule-based DSS was introduced 
to reduce the electricity cost for a microgrid with renewable energy 
sources. Also, in [28], the authors introduce the DSS, which minimizes 
electricity costs while maintaining comfort in terms of temperature.  
As outlined in  [29], DSS for prosumers can enable complex mecha-
nisms, like a reaction to dynamic price changes, energy exchange with 
other facilities, supplier change, etc. Such actions require complex 
decision-making, while prosumers are often unable or unwilling to 
do that. It’s common for the operators of prosumer facilities to rely on 
intuition and resort to common behavior patterns based on experience. 
This doesn’t always lead to optimal decisions and may even lead to er-
rors due to human factors, highlighting the importance and potential 
impact of the DSSs for prosumers.

Although the optimality of the output format of a DSS is not a com-
mon subject for research, specifically in PS applications, there are some 
attempts to explore this research direction. For example, combining 
human-computer interfaces research with the PS domain in [11] leads 
to the development of a framework that aims to improve the efficiency 
of AI assistants by applying vision aids and bidirectional interaction. 
Authors in [16] focused on providing recommendations for redesigning 
control rooms for better operator efficiency in centralized power grid 
operators. The recommendations were constructed by investigating op-
erators’ behavior and aiming to reduce cognitive load. [12] considered 
the operators’ efficiency in nuclear power plants, in particular, based 
on the amount of information provided during the situation diagnosis 
process. It was demonstrated that an excessive amount of information 
impairs the decision-making process. Nevertheless, such studies on the 
efficient format of the DSS output are quite rare in the PS domain and 
mostly focus on centralized grid operation, not microgrid level.

At the same time, this aspect is studied much more in other do-
mains where DSSs are successfully applied – both in specific use cases 
and in identifying general patterns and dependencies. In a significant 
amount of studies, researchers aim to improve the efficiency of the 
output format of a specific DSS. For instance, [18] presents exploratory 
research trying to improve the efficiency of the user interface (UI) of 
a DSS by adopting augmented reality technologies. However, other 
studies also aim to find general dependencies and provide guidance 
for future researchers and applied solutions developers. For example, 
in  [20], authors try to find the theoretical underpinnings of DSS for 
efficient cognition. This provides an essential contribution to relevant 
research directions, such as developing better support for cognition 
with DSSs. In [17], the authors offer a comprehensive review of DSSs 

in different domains and analyze, among other things, the aspect of 
efficient output delivery to a DSS user. [30] provides another example 
of such general dependency: authors demonstrate that there seems to 
be a trade-off between the increased situation awareness of an operator 
and the task performance. They observed that the increased amount 
of information provided to a user increased situation awareness sig-
nificantly but negatively impacted the downstream task performance. 
These findings highlight the need to develop a DSS with a user interface 
fine-tuned for a specific task.

The number of studies focused on efficient information delivery 
to the user is extensive, and it is not possible to cover all of them here. 
However, it demonstrates the importance of optimizing the DSS inter-
action with a user. Moreover, most of these works highlight the need to 
research optimal output formats for specific domains and applications, 
as significant differences exist among them.

Therefore, the review continued with the search for effective 
methods to improve user experience (UX ) in DSSs with optimal out-
put. GenAI approaches have attracted attention, as in recent years, 
they – especially those based on large language models (LLMs) – have 
become increasingly popular and widely adopted, as demonstrated 
in [31]. Naturally, they were also applied in various domains to enhance 
decision-making processes. For example,  [32] looks into how users 
accept recommendations when collaborating with GenAI in decision-
making, particularly in dimensions of trust and perceived benefits. 
In [33], authors focused on the medical domain and explored potential 
GenAI applications there, including the impact of LLMs application on 
decision-making in medical applications. In particular, there were some 
attempts to improve the UX and efficiency of DSS using LLMs. For ex-
ample, in [34], techniques to develop adaptive UX based on the LLMs. 
Common ideas among different studies include attempts to influence 
how useful the information is to a user and decrease the complexity of 
comprehension, similar to non-LLM powered DSS [35].

At the same time, there is a very limited number of studies using 
GenAI in DSS in PS. For example, in  [36], authors suggest using an 
LLM as a core component of the DSS for the control rooms. However, 
this technical report doesn’t focus specifically on the output format or 
other grid participants, like prosumers.

Based on related research works, it is evident that there is a research 
gap in the application of GenAI in DSS in PS with a focus on improving 
the DSS output format and DSS efficiency of information delivery to 
a  human operator, especially for applications in prosumers.

In this study, let’s focus on transforming technical suggestions of 
a control module of a DSS into a human-readable format, i. e., natural 
language, using Generative AI. An intelligent DSS that gathers and 
processes data of the prosumer facility usually has two essential steps: 
generating a control suggestion (CS) from the technical standpoint and 
converting that into a human-readable format.

More formally, given a set of control suggestions S for the time 
period ti and data di available to the system, a natural language transfor-
mation NL is applied to generate a human-readable message mi

NL d t S mi i i i( ; ; ) .→ 	 (1)

This is a 2-step process, where the control suggestion Si is generated 
by a control suggestion function CS based on di and ti

CS d t Si i i( ; ) .→ 	 (2)

So, the whole process can be written as

NL d t CS d t mi i i i i( ; ; ( ; )) .→ 	 (3)

It is possible to suppose the control suggestion (CS) is the same for 
several NL functions. In that case, it is possible to evaluate and compare 
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different NL functions directly by comparing their outputs, as any extra 
variance of different control suggestions is excluded.

Focusing on the human-facing interface and considering recent 
advances in the GenAI approaches, it is possible to formulate the main 
research hypothesis: utilization of the GenAI can improve the user ex-
perience of a DSS for prosumers by increasing the efficiency of convert-
ing technical output from a DSS’s control suggestion module (CSM) 
into a human-readable message.

In particular, related work indicates the opportunities for increas-
ing the usefulness of the messages and making it easy for humans to 
read them. Hence, the following research questions were formulated:

1.	 How can GenAI be utilized in a prosumer DSS to generate 
output messages efficiently based on CSM output?

2.	 How will it change the difficulty of perceiving the message?
3.	 How will it change how useful the message feels to the user?
4.	 What are the differences between such GenAI applications in 

the Ukrainian and English target languages?
That is, the aim of research is to increase the efficiency of output 

messages of a prosumer DSS with GenAI. Therefore, the first step is to 
develop a DSS with several NL transformations integrated as natural 
language modules (NLM) of the DSS, including GenAI-based ones. The 
second step is to compare different NLMs by measuring the difficulty of 
perception and informativeness of their outputs via human evaluation.

2. Materials and Methods

2.1. Object and design of research
The object of this research is the use of generative artificial intel-

ligence (GenAI) to create output messages in a decision support sys-
tem (DSS) for prosumers. To achieve the goals of this study, DSS has 
to be developed with different NL transformations integrated into it as 
natural language modules (NLMs). Let’s aim to compare rule-based and 
GenAI-based approaches. A specific practical use case was considered 
to evaluate different approaches to creating an output message of a DSS. 

2.2. Data
This study is conducted based on prosumer data from a private 

household with photovoltaic installations, where data on generation 
and consumption was gathered for several years. It has daily informa-
tion on the generated electricity amount, amounts of energy used from 
a battery and bought from the grid, and temperature at 6:00 and 18:00 
on the given day. Due to data particularities, such as missing values, 
data from 01-01-2020 to 10-11-2023 was utilized for experiments in 
this study. The data in detail was discussed in  [37], so only essential 
particularities and preprocessing steps are listed here:

–	 Data has strong yearly seasonality.
–	 Outliers were corrected using the IQR approach, and the result-
ing minimum and maximum clipping values for the generation col-
umn are 0 and 14.

–	 Missing values in generation and consumption from battery col-
umns were filled using a median value.
–	 Negative (corrupted) values of power used from the battery were 
replaced with a median value.
–	 The power used from the battery column was converted to kWh 
for consistency with other columns.
–	 Several corrupted data points were fixed based on the domain 
knowledge, e. g., setting consumption from the grid and from the 
battery to 0 on 31/07/2023.
Date-related features were added to enhance the modeling and 

decision-making process: day of the week, weekend flag, day of the 
month, month, sin and cos of the day of the year. A weather-related 
feature was added as well: temperature change during the day.

As complete household consumption was not available in the data, 
an estimation was performed using Formula (4) to model the household 
behavior required for developing and evaluating a DSS. The scaling 
factor for a generation was based on the industry average for prosumers 
with energy storage systems [38]. This assumption was necessary due to 
uncertainty regarding the proportion of generated energy consumed by 
the household. In particular, the following formula was used

HC G BU GS� � � �0 75. , 	 (4)

where HC – the estimated household consumption, G – the generated 
energy, BU – the energy used from batteries, and GS – the energy sup-
plied from the main grid.

Outliers for the calculated HC values were corrected using the IQR 
approach. The resulting minimum and maximum clipping values are 
0 and 13, respectively. Missing values were filled using a median value.

2.3. Decision support system
DSS for a prosumer focuses on providing relevant recommen-

dations for operating the prosumer facility in the next time period.  
It should consider all available information and generate a human-under-
standable output presented to an operator. The operator should review 
the human-readable output before they decide what to do tomorrow.

The DSS designed for this study relies on the estimates of generation 
and consumption for tomorrow, as well as relevant information based 
on historical and current data. The designed system (Fig. 1) consists of:

1.	 Forecasting modules – responsible for estimating generation and 
consumption for tomorrow with ML models.

2.	 Control suggestion module (CSM) – responsible for suggesting 
a  relevant course of action for the next time period based on the avail-
able inputs.

3.	 Natural language module (NLM) – responsible for convert-
ing the technical representation of DSS suggestions into a human-
readable format.

All modules of the system are discussed in detail further in this 
section.

 
Fig. 1. Information flow diagram of the developed DSS
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2.4. Forecasting models
Estimates of consumption and generation are required to provide 

the required information for decision-making to CSM and operators. 
To this end, forecasting models were built using ML approaches. Light-
GBM regressor was chosen due to its significant capacity, which allows 
learning complex patterns in the data while keeping models lightweight 
and allowing for quick fine-tuning.

Both generation and forecasting models were trained using a simi-
lar approach discussed in detail in [37]. The approach was as follows:

1.	 Select target – generation or HC.
2.	 Conduct final data preprocessing for a model:
a) Fill missing values with quadratic interpolation for any numeric 

feature column if necessary.
b) Add lags – values of the target variable in specified past steps, as 

features for the given data point. Lags of 1–7, and 14 were used.
3.	 Use classic train-test split to have hold-out test data for final 

evaluation. 5% chronologically latest data was used for the test.
4.	 Specify hyperparameter ranges (Table 1).
5.	 Tune for 2000 iterations of the hyperparameters tuning process 

using RandomSearch.
6.	 In each tuning iteration, use time-series-specific cross-val-

idation (TimeSeriesSplit ,  [39]) with four folds to get more robust 
model performance estimates during tuning and avoid data leakage 
from the future.

The final best model hyperparameters for both models and hyper-
parameter ranges used for tuning are given in Table  1. All values are 
rounded to four decimal places for clarity.

Table 1

Hyperparameters of final LightGBM models

Hyperparameter Range for tuning Generation model HC model

n_estimators [20, 1000] 470 652

learning_rate [0.01, 0.3] 0.0419 0.0176

num_leaves [20, 200] 121 99

max_depth [–1, 15] 1 1

min_child_samples [5, 50] 48 8

subsample [0.7, 0.3] 0.9975 0.8397

colsample_bytree [0.7, 0.3] 0.8036 0.8103

reg_alpha [0, 1.0] 0.2695 0.8849

reg_lambda [0, 1.0] 0.2427 0.6995

2.5. Control suggestion module
The control suggestion module (CSM) is responsible for generat-

ing suggestions on how to operate the prosumer facility in the next time 
period. In the considered use case, the next time period is one day, i. e., 
recommendations are made for tomorrow.

The recommendations focus on three aspects: energy-intensive 
activities, usual daily activities, and battery usage. Each aspect has a  de-
fined set of possible actions, that are as follows:

–	 Daily activities: Keep them as usual or decrease them.
–	 Energy-intensive activities: keep them as usual, postpone them 
to other days (decrease), or schedule them for tomorrow (increase).
Battery: consume energy from the batteries, charge it, or preserve 

energy for later usage.
As this study focuses on the efficiency of the final messages, design-

ing the optimal CSM was out of scope. As long as the input to the next 
module (NLM) is the same and reasonable, the comparison of NLMs 
is valid and sufficient for this study. To make the comparison more illus-
trative, five common prosumer scenarios were identified. Suggestions 
for these scenarios were formulated based on the domain knowledge 
and standards of the industry. 

The scenarios are as follows:
1.	 Generation (G) is greater than Consumption (C), and Bat-

tery (B) is empty.
2.	 G is greater than C, and B is fully charged.
3.	 G is equal to C, and B is fully charged.
4.	 G is less than C, and B is empty.
5.	 G is less than C, and B has enough energy to cover the difference.
The algorithm of the CSM is based on estimating the battery charge 

and comparing estimates of upcoming generation and consumption. 
The battery charge is estimated using historical data for the last 7 days 
before tomorrow:

1.	 Start with zero charge – pessimistic assumption in terms of bat-
tery, should balance other optimistic assumptions.

2.	 For each day, calculate the difference between generation and 
consumption:

a)  if G – C > 0 – add it to the charge;
b)  if G – C <= 0 – subtract it from the battery, but if the resulting 

charge is negative set it to zero;
c)  if the battery charge exceeds the maximum battery capacity – set 

it to battery capacity.
The algorithm can be presented using formula

B
i
B B G C
B

i i

�
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�

� �

0

0

for  from 7 to 1:
    
    if 
        

( ),
:

BB
B B
B B

�
�
�

0;
:
.

max

max

    if 
        

	 (5)

Then, generation and consumption estimates are compared with 
the battery charge, and if one of the five scenarios is identified – the 
corresponding suggestion is given. Otherwise, no specific suggestion 
is given. The proposed suggestions for each of the five scenarios are 
presented in Table  2. In addition, specific examples of the scenarios 
from the historical data were chosen, one per scenario, to evaluate the 
NL modules (Table 2).

Table 2

Five common prosumer scenarios: date and proposed CSM suggestions

Scenario Date Daily Energy intensive Battery

Scenario 1 23/05/2022 keep keep charge

Scenario 2 11/05/2020 keep increase preserve

Scenario 3 12/09/2020 keep keep consume

Scenario 4 30/10/2023 decrease decrease preserve

Scenario 5 10/05/2022 keep decrease consume

The program implementation is parametrized with maximum bat-
tery capacity, the threshold for considering the battery empty or full, 
and generation and consumption equal. Hence, the approach is de-
signed to be flexible and can be adapted to different setups while being 
justified by domain knowledge. This makes developed CSM relevant 
for various applications despite the straightforward decision-making 
logic. To accommodate for human-friendly output creation by an NLM, 
CSM provides its output in two main parts:

1.	 Dictionary with control suggestions, 1 per each aspect, e. g.:

{
    "battery_decision": "charge_battery",
    "enrg_intns_actvt_decision": "enint_keep_as_usual",
    "daily_consumption_decision": "daily_keep_as_usual"
}
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2.	 Dictionary with the information directly used to provide the 
suggestions, as demonstrated in the following example (all values are 
rounded to four decimal places for clarity):

{
    "generation_prediction": 5.8729,
    "household_consumption_prediction": 5.4218,
    "battery_estimate": 0,
    "all_week_batteries": [ 0, 0, 0, 0, 0, 0.077, 0, 0],
    "max_battery_capacity": 2.5
}

2.6. Natural language module
The Natural Language Module is a module that integrates natural 

language transformations (rule-based and GenAI-based) that are being 
evaluated in this study. All other parts of the DSS remain the same while 
NLM is being changed, and its outputs are evaluated to answer research 
questions set in Section 1. The general design is as follows:

1.	 Information gathered by previous modules is taken as input. 
The inputs include:

a)  CSM suggestions.
b)  Information that the CSM used to generate the suggestions.
c)  Data gathered for tomorrow, including estimates of generation 

and consumption and features used by the forecasting module to gener-
ate these estimates.

2.	 Parse the inputs and generate a human-readable message.
The ultimate goal of this module is to convert a CSM output from  

a technical format, which may or may not be readable by the non-spe-
cialist audience, to something that can convey the meaning efficiently 
using a natural language. Given the assumption of having efficient con-
trol suggestions, the goal of the message is to maximize the probability 
of the operator complying with it.

2.6.1. Rule-based suggestion message generation
Rule-based message generation works in a straightforward but 

meaningful way to provide a baseline for comparison with GenAI-
based alternatives. In the rule-based NLM (RB-NLM), the generated 
message structure is predefined:

1.	 It starts with a header with a date, e. g., "Suggestion for tomor-
row  (Friday, May 01):".

2.	 The main part provides recommendations in a natural language, 
one sentence per aspect of recommendations. Messages are predefined 
for each control action (Table 3), e. g., if a suggestion is that batteries 
will be charged tomorrow, a sentence stating "Extra energy will be used 
to charge the batteries." will be added to a generated output  message.

3.	 At the end, a more technical part is added, which explains why 
these particular suggestions are made by providing values for expected 
generation, consumption, current battery capacity, and maximum bat-
tery capacity, e. g., "This suggestion is based on the following information: 
expected generation: 4.96 kWh, expected consumption: 4.78 kWh, battery 
reserve: 0.00 kWh, maximum battery capacity: 2.50 kWh."

An overview of messages used for each action and aspect is given 
in Table 3.

An output message example produced with an RB NLM for 
01/05/2020 is as follows:

"Suggestion for tomorrow (Friday, May 01):

There is no need to limit usual daily electricity consumption.
There is no need to avoid energy intensive activities tomorrow.
Extra energy will be used to charge the batteries.

This suggestion is based on the following information:
expected generation: 4.96 kWh, expected consumption: 4.78 kWh, 
battery reserve: 0.00 kWh, maximum battery capacity: 2.50 kWh."

Table 3

Message used in an RB NLM for each CSM suggestion

CSM Suggestion English Ukrainian

Battery – charge

Extra energy will be 

used to charge the 

batteries

Надлишок згенерованої 

енергії буде використано 

для заряджання батарей

Battery – consume

Energy from the batter-

ies will be used to meet 

demand

Буде використано енергію 

з батарей для задоволен-

ня потреб

Battery – preserve

Energy from the bat-

teries will not be used 

tomorrow

Енергія з батарей не буде 

використовуватись

Energy Intensive – 

increase

Consider scheduling 

more energy-intensive 

activities for tomorrow

Варто запланувати 

енергоємні активності на 

завтра

Energy Intensive – 

decrease

Consider postponing 

energy-intensive activi-

ties to another day

Варто відкласти енер-

гоємні активності на 

пізніше

Energy Intensive – 

keep

There is no need to 

avoid energy-intensive 

activities tomorrow

Немає потреби уникати 

енергоємних активностей

Daily – keep

There is no need to limit 

usual daily electricity 

consumption

Немає потреби обмежу-

вати звичне щоденне спо-

живання електроенергії

Daily – decrease

Reduce usual electricity 

consumption. Please 

try to limit the use of 

household appliances

Потрібно зменшити 

звичне споживання елек-

троенергії. Будь ласка, 

намагайтесь обмежити 

щоденне використання 

електроприладів

2.6.2. GenAI-powered suggestion message generation
GenAI approaches were applied to improve the efficiency of message 

generation. In this study, models by OpenAI and Anthropic were utilized: 
GPT-4 [40] and Sonnet 3.5 [41], respectively. The inputs of the process 
are the same as for the rule-based NLM, but there is no deterministically 
predefined structure of the message output, as LLMs produce response 
messages based on input messages from the user – prompts.

In the case of a specialized application, it’s essential to contextualize 
the model using a system prompt [42, 43]. In this solution, the system 
prompt was constructed separately for OpenAI and Anthropic models 
due to the difference in how they handle provided instructions, e. g., 
Sonnet tended to infer details and worked fine with more abstract in-
structions. At the same time, GPT-4 required more explicit highlights 
in the system prompt. Given a model instructed with an effective system 
prompt, further interactions are much simpler and require minimal 
instructions in the following user prompts.

Thus, the suggested GenAI-powered NLM creates a chat with  
a model on initialization of the module and provides a system prompt 
once to set the context and clarify the requirements for further message 
generation. Then, NLM output messages are generated by repeated 
interaction with the same contextualized model, i. e., sending simple 
formatted prompts with input data. In addition, this reduces the budget 
spent for API calls, as the most significant number of tokens – system 
prompt – is sent only once, as shown in Fig. 2.

System prompts were constructed following current best practices 
identified by researchers and industry experts [42, 43]. In particular, 
the following approaches were applied:

1.	 Examples were provided for both the final desired output and 
specific instructions in the prompt.

2.	 Instructions focused on what is correct and desired instead of 
listing what the model shouldn’t do.

3.	 The system prompt was clearly structured with sections and lists.
4.	 The system prompt explained the input the model receives, its 

format, and its meaning without mentioning all the detailed variables 
or column names.
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Next, the prompt that delivers daily inputs to the LLM was de-
signed to be structured and straightforward but extensible. This way, 
the GenAI-based NLM implementation is not bound to the specific 
fields or parameters in the input, unlike the rule-based NLM. This 
prompt is the same for both English models:

"Suggestion from the decision support system (‘suggestions’): {suggestion}.
Information that was used to make the suggestions (‘used_info’): 
{used_info}.
Full data available for tomorrow (‘df_str’): {df_str}."

Where suggestion, used_info, and df_str are the inputs of the NLP 
module, namely:

–	 suggestion – a dictionary, the output of the CSM – control sug-
gestions;
–	 used_info – a dictionary, the output of the CSM – variables used 
by CSM to make the suggestion;
–	 df_str – a string representation of a data frame with all relevant 
info for tomorrow, e. g., generation and consumption estimates, and 
input features of forecasting models.
The same approach was applied to designing prompts for the 

Ukrainian target language. Constructing a system prompt in the lan-
guage of the desired output is a better option than straightforward 
prompt translation or keeping an English prompt with instructions to 
generate further answers in Ukrainian. This is due to the requirement 
for natural language flow in the result message, which is very important 
for UX [44]. This way, an efficient GenAI-powered NLM was also con-
structed for the Ukrainian language.

To account for the impact of message length on user experience,  
a system prompt with an explicit message size limitation was designed 
for both models. The final NLMs chosen for evaluation in both lan-
guages are rule-based, GPT-4-based, and Sonnet 3.5-based. Only the 
Sonnet-based NLM has a message size limitation in the system prompt.

2.7. Survey
There was a need for human evaluation to compare the quality of 

NLM outputs. To this end, a survey containing examples of each NLM’s 
outputs was designed. To accommodate the audience and research 
question 4, the survey was prepared in Ukrainian and English.

To improve the statistical properties of the sample, a paired design 
is utilized: instead of random samples from different groups, the survey 
contains balanced groups, i.  e., each respondent evaluates the same 
items (scenarios) with various treatments (NLMs applied to generate 
a message). For example, the survey contains three messages for an 
example of scenario 1 (23/05/2022) considered in the study, i. e., one 
per evaluated NLM.

This approach allows for directly evaluating the difference between 
groups’ scores instead of comparing average group scores. It also excludes 
intersubject variability and significantly enhances statistical properties. 
For instance, it reduces the number of samples needed to achieve the same 
statistical significance. To minimize order bias in respondents’ answers, 

messages generated for the same example by 
different modules for the same scenario are 
presented in varying order across examples. 
To this end, permutations of the three ele-
ments were used to define the presentation 
order of examples. With five scenarios con-
sidered in this study, five out of six possible 
permutations were used. Scenario represen-
tation was balanced: each scenario identified 
for the Control Module was considered via 
one example per NLM. Thus, with five sce-
narios and three NLMs, the survey contains 
15  message examples for a given language.

Considering the limited time and the respondents being volunteers, 
the number of survey questions was deliberately kept low to maximize 
the response rate.

The final form design was as follows:
1.	 Language choice question – depending on the answer, all the 

following steps are presented in the corresponding language.
2.	 Instructions for the survey, explaining what is the context and 

what kind of messages and questions will be shown for evaluation.
3.	 15 messages are shown – one at a time, with two questions each. 

Each question is mandatory and allows answers with an integer score 
from 1 to 10:

a)  How easy was it to understand the message?
b)  How useful and informative is the message?
Before launching the survey, the parameters of the experiment were 

set to define the number of respondents to achieve statistically significant 
results: significance α = 0.05, β = 0.2. Then, a rough estimate of the re-
quired sample size can be calculated using the formulas (6) and (7) [45]:
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where δ – practical significance, σ – variance, d – effect size, calculated 
as d = δ / σ. This leads to the following sample sizes: for small effect 
size (d = 0.2) – 196, for medium effect size (d = 0.5) – 32, and for large 
effect size (d = 0.8) – 13.

A paired t-test can be utilized to check if the average score for 
the two groups is significantly different. To apply it, the average score 
per group is calculated for each user, i.  e., average over five examples  
per NLM. Next , the difference between the two NLMs’ average 
scores is calculated. This way, a list of differences is obtained per pair 
of NLMs  – one difference per user. This sample can be tested with 
a  paired t-test using the following formula

T d
SE

SE std d
nn� � �1 , ( ) . 	 (8)

A corresponding p-value in a t-distribution with n – 1 degrees of 
freedom is then compared to the parameter of experiment α to check 
if the result is statistically significant. One tail test is used as the goal of 
comparison is to detect approach superiority.

3. Results and Discussion

3.1. Scenarios and survey metadata
Historical examples of five scenarios used for the survey are visu-

alized in Fig. 3, a–e. Historical data is enhanced with generation and 
consumption estimates for tomorrow and battery charge estimates used 
by the CSM to decide on the relevant suggestions.

Fig. 2. Natural language module workflow: one-time vs daily prompts
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The survey was run online for 2 weeks: from 18 April to 
03 May 2025. The number of responses is given in Table 4.

Table 4

Number of responses per language and gender

Language Female Male No answer Total

English 11 18 1 30

Ukrainian 43 20 1 64

Total 54 38 2 94

The number of English-language responses was insufficient 
for gender-specific analysis, and because of that, they were ana-
lyzed together. As none of the respondents were native English 
speakers, it’s also reasonable to combine them to get correspond-
ing results for that group. In contrast, the number of Ukrainian-
language responses allows for analysis per gender. 

Answers distribution per age group is presented in Table 5. 
The number of responses for different age groups doesn’t allow 
for robust age group comparison.

Table 5

Number of responses per language and age group

Language 18–24 25–34 35–44 45–54 55–64
No 

answer
Total

English 4 14 9 2 0 1 30

Ukrainian 46 7 4 6 1 0 64

Total 50 21 13 8 1 1 94

3.2. Analysis of survey responses
Tables  6–8 demonstrate the results of statistical tests  [46] 

comparing the scores of different NLMs in two dimensions  – 
usefulness and ease of understanding. In these tables, RB is 
rule-based NLM, S is NLM using Sonnet 3.5, and G is NLM 
using GPT-4. In particular, a summary of statistical tests for the 
English language is in Table 6. It can be observed that for English, 
only the usefulness score of Sonnet-based NLM is statistically 
significantly higher than for GPT-4-based NLM.

Table 7 and Table 8 demonstrate the results of the analysis 
of the Ukrainian responses for male and female respondents, re-
spectively. In Ukrainian, Sonnet-based NLM is considered more  
useful than both rule-based systems and GPT-4-based NLM 
among the female audience. These results indicate that for this 
user group, using GenAI-based NLM is indeed efficient in gen-
erating optimal DSS messages. The corresponding NLM was de-
signed for a general audience, without targeting a specific group, 
e. g., female users, which allows expecting higher improvement in 
case of such targeting. Considering the smaller adoption of such 
systems by female users and the increasing need for that, it may 
be beneficial to introduce GenAI-powered NLM to improve UX 
in such applications.

Table 6

Summary of statistical tests for the English language

Dimension RB vs. G G vs. S RB vs. S

Usefulness

RB > G, 

m = 0.41, 

std = 1.908, 

p = 0.1225

S > G, 

m = 0.19, 

std = 0.538, 

p = 0.0337

RB > S, 

m = 0.23, 

std = 1.822, 

p = 0.2505

Ease of understanding

RB > G, 

m = 0.46, 

std = 1.752, 

p = 0.0805

S > G, 

m = 0.11, 

std = 0.506, 

p = 0.1147

RB > S, 

m = 0.35, 

std = 1.546, 

p = 0.1146

 
 

 
 

 
 

 
 

 
Fig. 3. Examples of scenarios: a – scenario 1 – 23/05/2022 – generation surplus 

with an empty battery; b – scenario 2 – 11/05/2020 – generation surplus with  

full battery; c – scenario 3 – 12/09/2020 – generation and consumption  

balance with full battery; d – scenario 4 – 30/10/2023 – lack of generation;  

e – scenario 5 – 10/05/2022 – lack of generation covered by battery reserve

a

b

c

d

e
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Table 7

Summary of statistical tests for the Ukrainian language, male

Dimension RB vs GPT GPT vs Sonnet RB vs Sonnet

Usefulness

G > RB, 

m = 0.32, 

std = 0.930, 

p = 0.0702

S > G, 

m = 0.01, 

std = 0.505, 

p = 0.4652

S > RB, 

m = 0.33, 

std = 1.020, 

p = 0.0822

Ease of understanding

RB > G, 

m = 0.04, 

std = 0.692, 

p = 0.3993

G > S, 

m = 0.12, 

std = 0.814, 

p = 0.2588

RB > S, 

m = 0.16, 

std = 0.772, 

p = 0.1829

Table 8

Summary of statistical tests for the Ukrainian language, female

Dimension RB vs GPT GPT vs Sonnet RB vs Sonnet

Usefulness

G > RB, 

m = 0.02, 

std = 0.958, 

p = 0.4372

S > G, 

m = 0.31, 

std = 0.996, 

p = 0.0233

S > RB, 

m = 0.33, 

std = 1.231, 

p = 0.0408

Ease of understanding

RB > G, 

m = 0.01, 

std = 1.062, 

p = 0.4659

S > G, 

m = 0.13, 

std = 1.054, 

p = 0.2111

S > RB, 

m = 0.12, 

std = 1.192, 

p = 0.2630

In addition, no expected adverse effects, such as increased complex-
ity due to long or less structured messages, were observed. It is worth 
noting that several users submitted comments in the survey’s optional 
notes field. They explicitly stated that long messages are difficult to read 
and should be avoided in both English and Ukrainian. However, this 
was not reflected in aggregated survey results for both languages. On 
one side, it reflects how personal experience may differ from reality. 
On the other side, this indicates that there may be some dependency of 
scores (especially ease of understanding ) on the length of the message. 
This dependency is discussed further in this section.

Across all groups, the Sonnet-based NLM has a statistically signifi-
cantly higher score in usefulness than NLM based on GPT-4. It is not 
clear why exactly this occurs. It may be due to a better integration into 
the DSS pipeline, a more effective system prompt, internal model par-
ticularities combined with these factors, or other aspects not considered 
here. This underscores the importance of evaluating AI model-based 
solutions in both offline and online modes to find an optimal approach.

Another notable difference related to the Sonnet 3.5-based NLM 
is that ease and usefulness scores are not strongly correlated, unlike for 
the RB and GPT-4-based NLMs, as shown in Table 9. While the overall 
correlation between ease and usefulness is 0.82, this correlation for Son-
net is only 0.019. Moreover, the ease score is negatively correlated with 
the scores of all other NLMs, indicating disagreement in user evaluation 
between these models. This suggests the presence of some structural or 
internal characteristics unique to Sonnet-based NLM.

Nevertheless, statistical test results and average scores per language 
per category (all higher than 7.5) clearly indicate that the developed 
DSS prototype is effective and efficient in delivering output to users in 
a human-friendly manner. Moreover, applying GenAI allows for better 
results than the baseline approach. Its main advantage is increasing 
how useful messages feel to the audience by adapting the format to 
their needs. In addition, possible adverse effects of increasing mes-
sage complexity were not observed. However, developing an optimal 
GenAI-based NLM may require a deeper understanding of existing 
dependencies among user groups. Therefore, the analysis was extended 
to explore patterns related to languages, genders, and message length.

The difference between languages can be attributed to the survey 
audience, which is mostly native Ukrainian speakers who use English 
as a foreign language. There is no evidence of a correlation between 
answers for the two languages: average ease answers have a Pearson 
correlation of –0.036, and for usefulness, it is 0.002.

The relationship between message length and score was also investi-
gated. The average message length for each model is presented in Table 10.

Table 10

Average message length per model and language

Language RB GPT-4 Sonnet 3.5

English 416 866 748

Ukrainian 450 564 744

While Sonnet is considered superior to GPT in usefulness for both 
languages, its average message length is longer than GPT’s in Ukrainian 
but shorter in English. This suggests that message length is not the only 
factor impacting the UX , and likely not the main one, provided the 
message length remains reasonable for the applications. Nevertheless, 
this aspect deserves further investigation.

Fig. 4 presents linear dependencies between average score and mes-
sage length for English-language responses. Both Pearson coefficients 
for ease (–0.798) and usefulness (–0.648) are negative, and their differ-
ence from zero is statistically significant (p-values of 0.0003 and 0.0089, 
respectively). Such an effect is not observed for Ukrainian-language 
responses – both Pearson correlations are positive but not statistically 
different from zero. This is likely due to the difference in respondents’ 
native and survey languages, with most Ukrainian respondents being na-
tive speakers, while English respondents are mostly non-native speakers.

The correlation with length also supports previous findings, i. e., 
longer texts are not desired by foreign language users. Because of that, 
the impact of the GenAI approach in DSS is more clearly observed in 
the Ukrainian responses, where the factor of foreign language com-
plexity is not present. This finding also led to the conclusion that dif-
ferent target languages require adaptation of the general approach  
and flexibility in the DSS to accommodate users with diverse lan-
guage backgrounds.

The relationship between message length and 
responses by gender demonstrates a slightly different 
pattern that aligns with previous findings. As shown in 
Table 11, answers from both genders in English have 
a strong negative correlation between message length 
and ease scores. This pattern is plausible if to assume 
the main difference was caused by the difference be-
tween native and non-native speakers’ comprehension. 
However, for Ukrainian responses, both correlations are 
small and point in different directions: male answers 
still indicate a negative impact of the length on scores, 
while female answers indicate the opposite. It is aligned 
with p-values for ease correlation being closer to the 
critical value for male responses than for female ones.

Table 9

Scores correlation between models and evaluation dimensions: ease of understanding (E)  

and usefulness (U)

Model GPT-4 E GPT-4 U RB E RB U Sonnet 3.5 E Sonnet 3.5 U

GPT-4 E – 0.694 0.784 0.808 –0.266 0.746

GPT-4 U 0.694 – 0.594 0.525 –0.74 0.486

RB E 0.784 0.594 – 0.921 –0.232 0.957

RB U 0.808 0.525 0.921 – –0.356 0.797

Sonnet 3.5 E –0.266 –0.74 –0.232 –0.356 – 0.019

Sonnet 3.5 U 0.746 0.486 0.957 0.797 0.019 –
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Table 11

Correlations between message length and average 

ease score for different languages and genders

Language Gender
Pearson 

Correlation
p-value

English Male –0.73 0.002

English Female –0.648 0.0089

Ukrainian Male –0.247 0.3742

Ukrainian Female 0.173 0.537

In addition, the average usefulness score is 
strongly negatively correlated with message length 
for male English users, with a correlation coef-
ficient of –0.736 and a p-value of 0.0018. These 
results highlight that while the message length 
may impact the ease of understanding and conse-
quently influence UX, it’s essential to understand 
underlying reasons and target specific groups in-
fluenced by such dependencies. 

For example, UX may be improved by simplifying messages for 
non-native speakers or providing shorter, more explicitly structured 
messages with optional explanations to male users.

Another important relationship in this study is between ease of 
understanding and usefulness. 

These two aspects are strongly correlated, with a Pearson cor-
relation of 0.823. However, for male users, this correlation is just 
0.407 compared to 0.927 in female users. This illustrates further how 
different groups of users are different and should be accounted for 
flexibly by the DSS.

There are other examples of male and female users disagreeing 
on scores. One of the most illustrative ones is the usefulness of rule-
based NLM. 

Fig. 5 shows the distribution of scores per gender. 
Male users not only rate the usefulness of RB NLM systems higher, 

but their answers are also negatively correlated with female ones – Pear-
son correlation of –0.589 (p-value 0.296). Another example is Sonnet-
based NLM. Its usefulness scores by male and female users are strong-
ly  negatively correlated, with a correlation of –0.971 and a p-value  
of 0.006, making it statistically significant.

These examples are well aligned with the results of statistical tests, 
i. e., not only do different groups evaluate models based on their pref-
erences and needs, as can be seen for RB NLM, but they also react 
differently to a new solution – GenAI-based NLM.

3.3. Limitations and future work directions
These results and analyses should be interpreted with certain 

limitations in mind. First, the number of English-language responses 
could be higher for a more robust analysis. Second, the GenAI-powered 
NLM did not explicitly target specific parts of the audience, while its 
main potential is a more individual approach to delivering information. 
Third, Ukrainian responses were from native Ukrainian speakers, while 
English responses were from non-native English speakers. Fourth, the 
study wasn’t run on a production system in the form of an A/B test. 
Finally, in this study, statistical tests were conducted independently, 
thus excluding family-wise error rates from the scope. Acknowledging 
these limitations is crucial for researchers conducting further studies on 
related topics, as well as for industry practitioners aiming to apply the 
findings in practical contexts.

Future work directions include both extending this research and 
overcoming its limitations. First, the number of responses should be 
increased to validate some conclusions and improve the statistical 
properties of the results, e. g., the lack of adverse effects of GenAI ap-
plication on perceived message complexity. This also includes more 
strict thresholds for the statistical significance of multiple tests, e. g., 
with Holm-Bonferotti correction-like approaches. Second, the devel-
opment of a GenAI-powered or hybrid system can be done with an 
explicit focus on different user groups and languages. For example, 
this may include targeting female users with clear explanations or 
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Fig. 4. Relationship between average score and message length, modeled linearly for English-language responses:  

a – ease of understanding; b – usefulness

 
Fig. 5. Distribution of usefulness scores for a rule-based NLM by gender
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male users with short, structured reports. Another possible adjust-
ment is the simplification of message formats for non-native speakers. 
Third, it would be highly beneficial to introduce live testing in the 
form of an A/B test in real prosumer DSS. A considered produc-
tion system would also allow for investigating other aspects of the 
decision-making process in combination with text messages, such as 
visual information aids. 

4. Conclusions

This study focused on investigating the influence of GenAI ap-
proaches on DSSs in prosumers. To answer the formulated research 
questions, a specific use case was considered with a private house-
hold with a solar generation capacity. A prototype DSS was developed 
with several variations of NLM, transforming technical DSS output 
into human-friendly text messages. In particular, a rule-based NLM 
was developed as a baseline, along with several variations of GenAI-
powered NLM, e. g., using GPT-4 and Sonnet 3.5 models by OpenAI 
and Anthropic, respectively. NLMs were evaluated based on historical 
examples of five common prosumer scenarios in a survey with human 
evaluation. NLMs were evaluated in terms of ease of understand-
ing and subjective usefulness. The survey conducted in English and 
Ukrainian indicated the benefits of utilizing the GenAI model, which 
is properly integrated into a DSS, while there is no significant evidence 
of disadvantages.

Statistically significant moderate improvement was detected for 
female audiences in Ukrainian in the aspect of usefulness when Sonnet 
3.5-generated messages were evaluated as more useful than rule-based 
or GPT-4 alternatives. Moreover, it was observed that male and female 
respondents disagreed on the usefulness of messages from different 
NLMs, while answers were not correlated between the two languages. 
For the English language, respondents preferred shorter messages, al-
though there were no statistically significant score differences. This 
observation can be explained by respondents being non-native speakers 
of English. These findings highlight the need for more flexible output 
generation in prosumer DSSs, satisfying the specific needs of different 
user groups, such as caused by gender differences, while demonstrating 
GenAI’s capability to cater to those needs.

There was also evidence across different user groups and languages 
that Sonnet-generated messages were more useful than those generated 
with GPT-4. Although the exact reason is unclear, it highlights the im-
portance of thoroughly testing specific GenAI-based solutions before 
using them in production.

These results have both theoretical and practical significance. First, 
further research and applied developments can benefit from the vali-
dated hypothesis that GenAI can be effectively used to prepare optimal 
DSS outputs for different user groups. Second, specific improvements 
can be made in adapting DSS outputs for different genders and lan-
guages based on the presented results. Considering the limited amount 
of research on optimal outputs of prosumers’ DSSs, this study is an 
essential step toward closing the research gap and improving the ef-
ficiency of the related applied solutions.
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