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Annotation. This study develops a dynamic pricing model to minimize unearned revenue in public
procurement processes. The research focuses on suppliers' participation in public tenders to establish a fair lot
price. By combining quantitative and qualitative methods, the study analyzes data from the public procurement
portal, companies' financial statements, and insights from in-depth interviews. Using the Altman model, the
analysis investigates how additional revenue from dynamic pricing impacts short-term (1-2 years) bankruptcy
risks. Results indicate that optimal dynamic pricing-achieving an effect of 14-16% - can enhance a company's
financial stability by reducing bankruptcy likelihood. The study also assesses suppliers' responsiveness to
recommended prices, finding that suppliers raise their prices by approximately 55-60% in line with
recommendations. Suppliers consider this approach ethical, as profit remains a key business objective. The
research concludes with a linear model capable of achieving a 65% success rate in tenders and reducing
unearned revenue by 83.9%.
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Main provisions. This study develops a dynamic pricing model to minimize unearned
revenue in public procurement, significantly improving suppliers' financial stability. Results
indicate that reallocating additional revenue from dynamic pricing into current assets and
liabilities can enhance financial stability, with a 14-16% increase sufficient to reduce
bankruptcy risks based on Altman's Z-score model. Suppliers demonstrated responsiveness to
recommended prices, with adjustments aligning to recommendations by 55-60%, suggesting
the effectiveness and ethical acceptance of dynamic pricing strategies. The proposed linear
model reduces unearned revenue by 83.9% and increases the success rate in tenders to 65%,
showcasing its practical application in optimizing procurement strategies. Insights from
interviews reinforce the impact of knowledge on suppliers' pricing behavior, emphasizing the
value of strategic awareness in achieving financial resilience.

Introduction. The number of companies going bankrupt in Kazakhstan has been
increasing for three consecutive years, particularly affecting small and medium-sized
enterprises (SMEs). Nearly 35% of these companies go bankrupt within their first two years
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of operation, indicating significant issues with the financial stability in the business sector.
Effective participation in public procurement can significantly enhance a supplier's financial
stability. In 2022 alone, suppliers in Kazakhstan missed out on 64.5 billion tenge in potential
profits from public procurement. This amount could sustain at least 70 medium-sized or 500+
small companies for another year without additional revenues. Furthermore, this missed profit
has increased yearly, with a growth rate of 1.48 times from 2022 to 2023.

The missed revenue for suppliers in 2022 and 2023 is considerable. In 2022, the
planned procurement amount was 1,662,275,344,077 tenge, while the actual contract amount
was 1,415,363,942,604 tenge, resulting in 64,551,556,429 tenge of unearned revenue. In
2023, the planned amount increased to 2,823,137,063,357 tenge, with actual contracts
amounting to 2,417,041,271,168 tenge, leading to 94,937,814,644 tenge in unearned revenue.

Despite the overall unearned revenue being 64.5 billion tenge, representing only
4.56% of the total completed procurement amount, the unearned revenue in lots valued up to
50,000 tenge constitutes 51,93%, up to 100,000 tenge — 28,25%, and up to 2 million tenge —
11,60%.

Aim of the study is to explore these issues in greater depth and identify potential
solutions to enhance the financial stability of companies. Effective participation in public
procurements could be vital to achieving this goal. Our objectives are:

- to identify the impact of dynamic pricing on financial stability of companies;

- to analyze the perception level of suppliers towards recommended price;

- to identify the significance of the model towards unearned revenue;

- to develop recommendations for banks to integrate dynamic pricing models into the
current process of issuing supplier guarantees and usage guidelines.

Dynamic pricing is crucial for suppliers to gain a competitive advantage in tenders and
achieve financial stability. Based on our aim and objectives, we identified the following
hypothesis to test our ideas of dynamic pricing:

HO: It is not feasible to influence a company's financial stability within a 1-2 year
timeframe by utilizing dynamic pricing and appropriately allocating the acquired funds.

H1: It is feasible to influence a company's financial stability within a 1-2 year
timeframe by utilizing dynamic pricing and appropriately allocating the acquired funds.

A more financially stable company has a better chance of avoiding bankruptcy, a
critical issue in the current Kazakhstani market. To test this hypothesis, we will use computer
modeling and Altman's Z-score model with modifications.

Literature review. In the intricate and evolving landscape of public procurement, the
necessity for a comprehensive understanding of its dynamics and the factors influencing its
strategies cannot be overstated. This part of the project delves into the multifaceted realm of
public procurement, highlighting the significance of a literature review, the implications of
dynamic pricing, and the critical insights provided by the theory of companies. Firstly, we
explore the benefits of literature review in public procurement, emphasizing its role in
synthesizing existing knowledge and identifying gaps for future research, thereby enhancing
the efficiency and effectiveness of procurement practices. Secondly, we examine the impact
of dynamic pricing on public procurement strategies, a phenomenon that introduces both
challenges and opportunities in achieving value for money and ensuring fair competition.
Lastly, we analyze the role of the theory of companies in public procurement practices, which
offers a foundational understanding of the behavior and strategies of companies that engage in
public procurement. Through this holistic approach, this essay aims to shed light on the
complexities of public procurement, advocating for informed strategies that can adapt to
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changing market conditions and regulatory environments, ultimately contributing to more
transparent, competitive, and efficient procurement systems.

Exploring the intricate landscape of public procurement reveals the indispensable role
literature reviews play in enhancing the effectiveness and transparency of procurement
processes. According to Adjei-Bamfo, Maloren-Nyamekye, and their colleagues [1], a
comprehensive review of existing literature on public procurement identifies critical gaps and
benchmarks that can significantly improve procurement practices. This scholarly endeavor
not only highlights the current state of procurement strategies but also provides a solid
foundation for the development of innovative approaches aimed at optimizing resource
allocation and conservation. By meticulously analyzing the findings from various studies,
policymakers and procurement officials can draw upon evidence-based strategies to foster
sustainable procurement practices that align with global sustainability goals. Furthermore,
literature reviews serve as a crucial tool in advocating for policy reforms by showcasing the
tangible benefits of adopting efficient and transparent procurement mechanisms. As such, the
act of conducting a literature review transcends mere academic exercise; it becomes a pivotal
mechanism for instigating positive change within the realm of public procurement, ensuring
that resources are utilized in a manner that maximizes social, economic, and environmental
benefits.

Dynamic pricing strategies have significantly impacted public procurement processes,
introducing both challenges and opportunities for government entities. According to 1.G.
Ozbilgin and M.Y. Imamoglu in their 2011 study published in Procedia Computer Science by
Elsevier, dynamic pricing can greatly influence the efficiency and effectiveness of public
procurement by allowing for more flexible and responsive pricing mechanisms [2]. This
flexibility can lead to cost savings for public entities, as they can take advantage of market
price fluctuations to purchase goods and services at lower costs. However, the adoption of
dynamic pricing also requires a sophisticated understanding of market trends and a high level
of coordination within procurement strategies to effectively leverage these price fluctuations
without compromising the quality or timely delivery of goods and services. As Ozbilgin and
Imamoglu highlight [2], the integration of dynamic pricing mechanisms into public
procurement practices necessitates the development of advanced analytical tools and
procurement policies that can accommodate the increased complexity and risk associated with
market-driven pricing models. This evolution in procurement strategies underscores the need
for public sector organizations to adapt and innovate in order to maximize the benefits of
dynamic pricing while mitigating its potential drawbacks.

The integration of theoretical frameworks in the examination of public procurement
practices provides a nuanced understanding of the complexities and dynamics involved. As
highlighted by Malacina et al., the adoption of various theories of companies, such as agency
theory, transaction cost economics, and resource-based views, offers invaluable insights into
the decision-making processes, efficiency, and effectiveness of public procurement [3].
Agency theory, for instance, sheds light on the principal-agent dynamics, where public
entities (principals) delegate procurement tasks to suppliers (agents), potentially leading to
issues of information asymmetry and moral hazard. Furthermore, transaction cost economics
provides a framework for understanding the costs associated with making and enforcing
contracts in public procurement, emphasizing the importance of minimizing these costs for
enhanced procurement performance. Lastly, the resource-based view assists in identifying the
strategic resources and capabilities that public entities can leverage through procurement to
achieve competitive advantage. Through the lens of these theories, Malacina et al. articulate
that a theoretical grounding not only facilitates a deeper comprehension of public
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procurement mechanisms but also enables the identification of strategies to optimize
procurement outcomes [3]. This theoretical approach underscores the significance of aligning
procurement practices with broader organizational goals and strategies, thereby contributing
to the overall efficiency and effectiveness of public sector operations.

Altman model. To achieve aim and test our hypothesis we used the Altman model, as
famous techniques implementing by global consulting firms. The Altman model from 1968
[4] for public manufacturing companies and its modifications from 1983 and 1995 for public
and non-manufacturing companies was chosen to assess the financial stability of companies.
This model has been widely recognized for its accuracy and applicability across various sizes
and industries.

The Altman model is simple yet effective, incorporating only five independent
variables:

Working Capital
Xi= g Lap

Total Assets 1)
Retained Earnings
X2 =
Total Assets 2)
X3 = Earnings Before Income Tax (EBIT)
B Total Assets 3)
Equity Value
X4 — quity
Total Liabilities 4)
Sales
5= —
Total Assets 5)

For our calculations, we use standard formulas based on IFRS. The general form of the
Altman equation is:

Z—score=A*X1+B*X24+C*X34+D=*X4+E=X5 (6)

The Z-score serves as an indicator of a company's probability of bankruptcy and is
interpreted as follows:

- safe zone (Z > 2.99): the company is considered financially stable with a low
probability of bankruptcy.

- grey zone (1.81 < Z < 2.99): the company's condition raises some concerns, with
uncertainty regarding its financial future.

- distress zone (Z < 1.81): the company is at high risk of bankruptcy within the next
two years.

These threshold values, however, vary depending on whether the company is public or
private and whether it is manufacturing or non-manufacturing, as shown in Table 1. The
coefficients for the predictors (A, B, C, D, E) also change accordingly, as shown in the Table
2.
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Table 1 - Z-score boundaries for different types of companies

public private

grey safe grey safe
manufacturing 1,23 2,90
non-manufacturing 181 2,99 1,10 2,60

Note: prepared by the authors

Table 2 - Independent variables coefficients of the Altman model

A B C D E
public  [-manufacturing 1,200 1,400 3,3000 0,6000 0,999
non-manufacturing
rivate manufacturing 0,717 0,847 3,107 0,420 0,998
P non-manufacturing 6,560 3,260 6,720 1,050 0,000

Note: prepared by the authors

Even large firms such as McKinsey use the Altman model and emphasize its
relevance, especially under conditions of uncertainty and crisis [5].To enhance our
understanding of how variations in the Altman model's independent variables influence the Z-
score, we developed a directed weighted dependency graph [6]. In these graphs, entities or
variables are represented as nodes, while directed, weighted edges illustrate dependencies
between them, allowing visualization of both the direction and intensity of their interactions.
Adjusting the Z-score in response to changes in independent variable values involves a
complex process. Thus, we applied a brute-force approach to bypass manual calculations.
This method leverages computational power to explore all possible solutions; however, as
complexity rises, this can lead to combinatorial explosion, making the process both resource-
intensive and time-consuming. Yet, given the relatively small scale of our dependency graph,
the brute-force method proved efficient within our timeframe. For program validation, we
employed mutation testing [7], attaining a mutation score of 100%. Mutation testing involves
introducing small modifications (mutations) to parts of the source code, examining the effects
on automated unit tests. When tests pass despite code mutations, it may suggest gaps in test
coverage or test limitations. The Mutation Score Indicator (MSI) quantifies test suite
effectiveness. Studies, such as those by Just et al., suggest mutation testing often yields
superior results to unit tests.

Despite brute-force efficiency in our study, we incorporated lower and upper bounds
to enhance real-world applicability. Evidence from existing research indicates that dynamic
pricing can increase revenue by up to 25% [8]. Accordingly, we established bounds of 0%
(lower) and 25% (upper) for our brute-force algorithm.

To validate the second hypothesis, we conducted structured interviews with suppliers,
guided by the funnel approach [9]. This method progresses through five question types in the
following sequence:

- Screening questions — to assess respondent suitability;

- Open questions — to obtain general information about participants;

- Probing questions — to explore details in-depth;

- Fact-finding questions — to identify specific facts and needs;

- Confirmatory questions — to validate previously identified facts or needs.

To determine the optimal number of interviews, we employed data saturation methods
[10].
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After reviewing insights on the illusion of predictability [11], we eliminated future-
oriented questions, focusing instead on participants' past experiences. We also simplified
questions with multiple sub-questions, taking into account the edge effect [12], which
suggests that people often recall items at the beginning and end of a sequence.

All data presented in this study and used for testing the second hypothesis stems
directly from actual responses obtained during interviews. Recognizing the role of causal
attribution, responses that were ambiguous were either excluded or clarified through follow-
up questions.

Methods and Materials. Our research design employs both qualitative and
quantitative methodologies. The sample includes 48,000 completed lots and 2,000 suppliers.
In-depth interviews were conducted with 20 suppliers, using a structure of two screening
questions, five open questions, and up to 27 closed questions.

To validate our model's results, we applied several data analysis techniques:

- The Altman model and computer modeling to assess suppliers' financial stability;

- In-depth interviews, guided by the funnel approach;

- Silhouette analysis through K-Means clustering;

- Regression analysis using metrics such as AIC/BIC, Durbin-Watson, F-statistic,
R/Adjusted R square, and VIF.

Our study focuses on suppliers from small, medium, and large enterprises in
Kazakhstan involved in public procurement. Primary data was sourced from the public
procurement portal, which enables numerous procurements through a transparent, automated
system aimed at preventing collusion and corruption.

For the first hypothesis, we required data on companies participating in government
procurement, including their activity levels and general financial information. To identify
active companies, we developed scripts to extract data from the government procurement
portal for 2022. This extraction yielded over 100,000 lots, after which we excluded
unsuccessful procurements and those with fewer than two suppliers, setting a minimum price
threshold of 20,000. The result was a dataset of 44,468 lots with over 2,000 suppliers. We
used GraphQL and Python to manage data collection effectively, utilizing these tools to
obtain a significant amount of information.

For the second hypothesis, we collected data directly from suppliers via qualitative
interviews. Each interview included two screening questions, five open-ended questions, and
up to 27 closed-ended questions.

The Altman model was used to assess companies' financial stability in relation to the
first hypothesis. This investigation required us to address the following:

- Can additional revenue generated from dynamic pricing enhance a company’s
financial stability?

- If so, what is the minimum dynamic pricing threshold that positively impacts
resilience and lowers bankruptcy risk?

- Is this threshold within a manageable range influenced by dynamic pricing?

Once interdependencies were identified and the graph constructed, we encoded the
data model and created a function to generate values (k, n, m) within a specified range. For
each campaign, the dynamic pricing adjustments, ranging from 0% to 25%, triggered
corresponding actions in the analysis.
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1. Calculate the delta free cash flow:

increase rate
delta free cash flow = company sales * (T) (7)

2. For each value (k, n, m) calculate df(n), df(k) and df(m) according to the formula:
n

df(n) = delta free cash flow * 11[{}0 (8)
df(k) = delta fi h fl 9

(k) elta free cas ow=|=19nO (9)
df(m) = delta free cash flow * 100 (10)

Update values in the data model.

Increase EBIT by df(n).

. Increase current assets by df(k).

Decrease current liabilities by df(m).

Other values will be recalculated dynamically based on the data model described above.
Calculate the Z-score and save data for further analysis and detailed study.

rao oe W

If, after analysis, we find an increase rate (in percentage) for most of the sample within
the range up to 25% that, according to the Z-score, makes the suppliers more financially
stable, then the first hypothesis can be considered confirmed. It means that using dynamic
pricing and appropriately allocated funds can make suppliers more financially stable.

The following interview questions were designed to gather insights on supplier
perceptions:

(Screening question) — Are you currently participating in procurement as a supplier?

(Screening question) — How long and to what extent have you been involved in
procurement activities?

Could you describe your experience in procurement as a supplier? Additionally, we
would like to capture insights based on the following:

What types of goods and services do you provide?

How seamless has the procurement process been for you?

What criteria do you consider when selecting which procurements or lots to participate
in?

Which factors influence your decision when setting a price for your goods or services?

What is the highest-value procurement in which you have participated, and what was
its approximate value? Please describe this procurement and its specifics.

There is an assumptions of pre-determined budget. Companies have submitted a
proposal as a supplier with a specific price. However, companies recently discovered that
competitors provided similar goods - possibly to the same customer at a different price.

As support material for the seventh question, we used the price adjustment data shown
in Table 3.
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Table 3 — Supplier price adjustments based on previous winning prices

Planned lot amount Price you offered / plan Previou_s winnin_g _ price by a Ngew price you
to offer competitor for a similar lot will offer
69 200 34 200 51 900
106 800 75 000 90 000
203 600 146 000 170 000
304 200 224 000 251 000
391 700 276 000 320 000
454 400 340 000 380 000
609 400 434 000 493 000
872 600 622 000 707 000
1164 600 868 000 970 000
1501 700 1122 000 1249 000
1720 400 1343 000 1465 000
1 947 800 1532 000 1673 000
2423100 1821 000 2 015 000
2914 700 2 249 000 2 461 000
3585 000 2 742 000 2991 000
4 553 700 3483 000 3800 000
5 850 200 4 487 000 4 862 000
9 360 300 7 155 000 7 745 000
18 790 200 14 306 000 15 447 000
28 736 100 22 314 000 23 887 000

Note: prepared by the authors

For each interview, we calculated the amount of new information in percentage
relative to all information conducted during the interview. This increased with each interview,
especially rapidly at the beginning and very slowly towards the final interviews. Given the
limited number of available suppliers, we stopped at a data saturation level of 87.25%.

After conducting the interviews and reaching an acceptable level of saturation, we
shifted our focus to a more detailed analysis of our data. Our primary goal was to assess
whether the knowledge of their probability of winning with a given price offer influences the
price suppliers propose for a lot, procurement.

By obtaining the perception level, we estimate the potential profit from unearned
revenue that we could realistically expect if the model performs well. Incorporating the results
into the model, the formula for further evaluating the model will be based on how much from
unearned revenue our model helps us earn:

could earn = unearned revenue * model efficiency %
* perception level %

(11)

If most suppliers decide to increase their prices following our recommendations, it will
indicate that through awareness and recommendations, suppliers can independently positively
impact their financial stability. Furthermore, integrating the recommended price into existing
products, such as obtaining a bank guarantee, could also benefit the bank, typically by 1.5%-
2%. This percentage might seem small, but considering an unearned revenue of 64 billion,
these two percent translate to 1.28 billion, a significant amount.
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Our main objective in the second hypothesis is to identify a phenomenon in which
knowledge of the recommended price positively impacts the supplier. If we find that
phenomenon, the second hypothesis will be confirmed.

Results and Discussion. After testing two hypotheses, it is time to build a model
recommending prices to maximize the profit-to-win ratio.

We chose Y = second lowest price — 1 as the dependent variable. The rationale is
simple — by raising our price to just below the second-lowest bid, we can still win the tender
while maximizing our profit.

For potential independent variables, we extracted categorical, textual, binary and
numerical variables, including:

- Initial customer price — the maximum price the customer is willing to pay for a
product, service, or work;

- Winner price (lowest price) — the best bid,;

Second price — the second-best bid;

Quantity — the quantity of items in lot;

Union lots — united lot indicator;

Dumping — dumping indicator;

Psd sign — indicator of work type (1 for work with feasibility study, 2 for
development of feasibility study);

- Consulting service indicator;

- Is light industry — procurement of light and furniture industry;

- Is construction work — procurement characteristics of construction and installation
works;

- For disabled person — procurement among organizations of disabled people;

- Total sum — total advertisement cost;

- Count lots — number of lots in the advertisement;

- Start date — tender start date;

- End date — tender end date;

- Publish date — tender publication date;

- Kato — delivery address;

- Ref trade methods name — planned procurement method,;

- Ref subject type name — type of procurement item;

- Ref type trade name — type of procurement (first, repeat).

We selectively built our model without incorporating all available variables, as not all
are appropriate for use. The analytical process was proceed as follows:

1. Conduct a preliminary review of each variable to determine which to retain and
which to exclude.

2. Transform each variable into a format compatible with algorithmic application,
ensuring categorical and textual variables are appropriately prepared.

3. Execute silhouette analysis and apply clustering to the dataset.

4. Construct a model tailored to each cluster.

After an initial study, we decided to exclude the features described in Table 4.

151



Table 4 - Excluded fields from the model

Field Reason

Is Light Industry The field wasn’t populated. Only 16 records had any value, all of which were 0
Data in this field didn’t match official documentation. Although only values 0 and
Is Construction Work 1 are permissible, other values like 4 were present, which we couldn’t interpret.
There were 16 records with this field filled

For Disable Person The field wasn’t populated as of 2022, with updates starting only in 2023

Note: prepared by the authors

Encoding categorical variables is essential, as algorithms cannot process text directly.
We opted for one-hot encoding to prepare these columns in our dataset. This approach creates
a binary column for each category, where each observation is assigned a 1 in the column
representing its category and 0 in all other columns. This method is particularly effective for
nominal categorical variables that lack an inherent order, as is the case with our data.

As observed, we can safely remove one of the new features without affecting the
model’s structure. In fact, this step is recommended, as "extra" features can introduce issues
like overfitting, multicollinearity, or potentially disrupt model stability. Thus, omitting the
feature associated with one of the categories is beneficial. In our case, for example, the final
matrix for the subject type variable would appear as shown in Figure 1.

lot_id ref_subject_type_name_ru_product ref_subject_type_name_ru_service

0 17249802 1 0
1 17249803 1 0
2 17249804 1 0
3 17230427 0 0
4 17230431 0 0

44463 23238882 0 0
44464 23239219 0 1
44465 23246945 0 0
44466 23275664 0 0
44467 23275673 0 0

Figure 1 - Independent variables after one-hot encoding and optimization.

Note: prepared by the authors

After obtaining tender duration variable and examining our data carefully, we
discovered a few anomalies — some tender durations were negative. Since the number of such
records was small (only 17), we decided to exclude these records from our dataset.

Having completed the preliminary transformations of the critical variables, we
determined the number of clusters in our data to understand how many models we would need
to build. To do this, we clustered our data using the K-Means algorithm and measured the
silhouette score for each cluster.
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Since the optimal number of clusters is determined by trial, we used a range of values
from 2 to 100 and passed this as an input parameter to the K-Means algorithm. We utilized
the Python programming language for all of this.

One of the best scores we achieved was 0.98 with 2 clusters. As the number of clusters
increased, the silhouette scores began to fall, as shown in Table 5.

Table 5 - Sharp decrease in average silhouette score with an increased number of clusters

Number of clusters :(\:/Oe::\ge silhouette silhouette scores per sample
2 0,9847 0,986; 0,275

4 0,9506 0,96; x3 ~ 0,31

8 0,9354 0,947; x2 ~0,20; x5~ 0,5

16 0,7593 x2 ~0,83;0,71; 0,20 - 0,51
32 0,6502 0,26 — 0,95

64 0,5805 0,02-0,94

Note: prepared by the authors

Here, despite the high average score, clusters were imbalanced, with silhouette scores
for some samples being less than 0,20. So unbalanced that some clusters are not even visible
on the graph, as shown in Figure 2.

] Silhouette Plot of KMeans Clustering for 44468 Samples in 2 Centers

==+ Average Silho

cluster label
o

03 02 01 00 01 02 03 04 05 06 07 08 09 10
silhouette coefficient values

Figure 2 - Silhouette plot in 2 centers

Note: prepared by the authors

The same is true even if we divide our dataset into a bigger number of clusters, as you
can see from Figure 3.
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Silhouette Plot of KMeans Clustering for 44468 Samples in 64 Centers
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Figure 3 - Silhouette plot in 64 centers

Note: prepared by the authors

Overall, imbalanced clusters negatively impact silhouette analysis because of:

- skewed average score - the silhouette score measures how similar an object is to its
cluster (cohesion) compared to other clusters (separation). in imbalanced clusters, the score
can be misleading because smaller clusters may have artificially high silhouette scores due to
fewer points and less variance, while larger clusters may have lower scores due to more points
and higher variance;

- bias towards larger clusters — larger clusters can dominate the silhouette score,
masking the performance of smaller clusters. this makes assessing the clustering quality for
smaller clusters complex since the larger clusters heavily influence the overall score. and we
see precisely that behavior in our table above.

Considering the above information, it became clear that clustering our data and
building a model for each sample is unnecessary. Instead, focusing on building one model for
the entire dataset would be better. Therefore, we continue analyzing the variables and will
build a single model. In addition to the variables, we have already partially prepared, we were
also concerned with other variables related to costs:

- total advertisement sum;

- initial customer price;

- winner price (lowest price);

- second price (second lowest price).

Referring to the properties of linear regression, it is essential to note that this algorithm
performs well and produces representative results when the data follows a normal
distribution. While it is not prohibited to perform regression on variables that do not follow a
normal distribution, the variance of the errors (residuals) should be constant across all levels
of the independent variables. If the independent variables are not normally distributed, it can
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sometimes indicate heteroscedasticity (non-constant variance of errors), which is detrimental
to our model because it can result in:

- inefficiency of estimators - one of the critical assumptions of ols is that the
residuals have constant variance (homoscedasticity). when heteroscedasticity is present, the
ols estimators are still unbiased but no longer the best linear unbiased estimators (blue). this
means that the ols estimators do not have the minimum variance among all unbiased
estimators, leading to inefficiency;

- another significant implication of heteroscedasticity is the potential for biased
standard errors. this directly affects hypothesis testing and the construction of confidence
intervals, as these procedures rely on accurate standard error estimates. this highlights the
importance of addressing heteroscedasticity to ensure the validity of our model's results.

Normalization can help address this issue, and we tested several methods to find the
most suitable one. Square root and cube root transformations were not appropriate due to the
extreme right-skewness of the data. Ultimately,we chose between the Box-Cox transformation
and the logarithmic transformation, opting for the logarithmic transformation. Primarily, the
logarithmic function is more straightforward and allows for easy recovery of the original
values. In other words, log transformation is straightforward to implement and interpret, and it
helped us. Thus, Box-Cox was not necessary

After transformation, we get a much better distribution, as shown in Figure 4.

Histogram of Value

14000 A

12000 1

10000 A

8000 A

Frequency

6000 +

4000 +

2000 -

5 6 7 8 9 10
Value

Figure 4 - Pricing variables after normalization

Note: prepared by the authors

The next step was to fit and predict the model using the OLS method for optimization
and hyperparameter tuning. The modeling showed that not all variables were statistically
significant. To determine significance, we use p-values and make the following assumptions:

- If the p-value is less than 0.05, the coefficient is considered statistically
significant at the 95% confidence level,
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- If the p-value is greater than 0.05, the coefficient is not statistically significant
at the 95% confidence level, suggesting that the variable may not contribute meaningfully to
the model.

Regarding other metrics by which we evaluated the model, they are presented in Table
6.

Table 6 - Metrics used to evaluate model

Metric Value Interpretation
- indicates that the overall model is statistically significant. At least one of
Prob (F-statistic) 0.00 the predictors is significantly related to the dzzlpegdent variable
indicates that 98.3% of the variance in the dependent variable is
R-squared 0.983 explained by the independent variables included in the model. Very
good fit of the model to the data
Adjusted R-squared | 0.983 value being close to the R-squared indicates that the included predictors
are relevant and contribute to the model
Durbin-Watson 1.975 Close to 2, indicating no significant autocorrelation
Skew -0.894 residyals are Ieft_-sk_ewe_d, meaning therg are more extreme values on the
left side of the distribution than on the right
AIC/BIC -82 870 In comparison with other built model very good fit model
Note: prepared by the authors

Hypotheses Testing.

Hypothesis 1: Feasibility of Influencing Financial Stability through Dynamic Pricing.

To test this hypothesis, we used the Altman model, a well-recognized method for
assessing financial stability. The model's five variables - working capital, retained earnings,
EBIT, equity value, and sales - were analyzed using standard formulas based on IFRS. The
goal was to determine if additional revenue from dynamic pricing could increase a company's
financial stability.

Our approach involved allocating surplus free cash flow to current assets (cash and
non-cash) and repaying current liabilities. We used a brute force to calculate the minimum
percentage increase in revenue required to move companies to safer Z-score zones.

Hypothesis 2: Impact of Recommended Prices on Suppliers’ Price Offers.

We conducted interviews with suppliers to assess whether the knowledge of their
probability of winning with a given price offer influences the prices they propose. The
interviews included screening, open and closed questions, focusing on suppliers with
procurement experience of at least three years. The interviews aimed to capture the suppliers'
reactions to new information about competitors' prices and subsequent price adjustment

After testing the hypotheses, we proceeded to build a model that recommends prices to
maximize the profit-to-win ratio. The dependent variable chosen was Y (second lowest price -
1), with various independent variables including initial customer price, winner price, second
price, quantity, and others. We performed a preliminary analysis to decide which variables to
retain and transform into a format suitable for algorithms.

We conducted silhouette analysis and K-Means clustering to determine the number of
clusters in our data, finding that two clusters provided the best scores. However, we built one
model for the entire dataset due to imbalanced clusters. The regression analysis employed
metrics like R2, adjusted R2?, AIC, BIC, and the F-statistic to compare and evaluate the
models.
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Dynamic Pricing's Impact on Financial Stability.

Dynamic pricing could influence a company's financial stability positively. The
Altman model analysis showed that reallocating free cash flow from dynamic pricing into
current assets and liabilities improved the Z-scores of companies, thereby reducing their risk
of bankruptcy. In most cases, the threshold increase rate for dynamic pricing proved sufficient
at a level of 14-16% to move companies from the high-risk zone to the grey area, and from
the grey zone to the safe zone.

Additional observations included:

- Keeping the delta free cash flow in cash or cash equivalents yielded the best effects.

- Allocating as much as possible to current assets (non-cash) like inventories proved
to be one of the worst decisions for companies in highly vulnerable positions.

- Already financially stable companies benefit the most from additional income
gained through dynamic pricing.

Suppliers' Price Adjustment Behavior.

The interview results confirmed the second hypothesis. A positive correlation exists
between the recommended price and the supplier's price offer. The efficiency of the
recommended price in terms of suppliers' perception was approximately 55-60%, with a data
representativeness of 87.85%. Most suppliers consider price revisions and increases to be
ethical. Additionally, it was found that the relative difference is more important for suppliers
than the absolute difference. This indicates that through awareness and recommendations,
suppliers can independently positively impact their financial stability and align with the
objectives of the dynamic pricing model.

The regression model built using the entire dataset provided a robust mechanism for
predicting optimal price recommendations. The analysis showed that the model's predictions
aligned well with actual procurement outcomes, validating the effectiveness of our approach
in real-world scenarios. Notably, the model indicated that suppliers' win rates could increase
to 65% with the implementation of recommended prices, showcasing a significant
improvement in competitive positioning. Meanwhile, the decrease in unearned revenue should
be about 83,9% if we do not consider the perception level.

The analysis confirmed the feasibility of using dynamic pricing to enhance financial
stability and demonstrated the impact of recommended prices on suppliers' pricing strategies.
The regression model developed provides a practical tool for optimizing price offers in
procurement processes, significantly reducing unearned revenue and increasing win rates.

The research conducted aimed to explore the impact of dynamic pricing on financial
stability and the effect of recommended prices on supplier price offers in the context of public
procurement in Kazakhstan. The study tested two primary hypotheses using qualitative and
quantitative methods, including interviews with suppliers and data analysis from the public
procurement portal.

Hypothesis 1: The feasibility of influencing financial stability through dynamic
pricing

The Altman model analysis confirmed that dynamic pricing can positively influence a
company's financial stability. Specifically, reallocating free cash flow from dynamic pricing
into current assets and liabilities improved Z-scores, reducing the risk of bankruptcy. It was
found that a threshold increase rate of 14-16% in dynamic pricing was sufficient to move
companies out of the high-risk zone into the grey or safe zones. Additionally, already
financially stable companies benefitted the most from dynamic pricing.
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Hypothesis 2: The impact of recommended prices on suppliers' price offers.

Interviews with suppliers confirmed a positive correlation between the recommended
price and the suppliers’ price offers. The efficiency of the recommended price in terms of
suppliers' perception was approximately 55-60%, with a data representativeness of 87.85%.
Most suppliers considered price revisions and increases to be ethical. The study also revealed
that relative price differences were more important to suppliers than absolute differences.

The model validation showed that the regression model developed was effective in
predicting optimal price recommendations, aligning well with actual procurement outcomes.

Conclusion. The results of this study confirm the initial hypotheses to a significant
extent. Dynamic pricing has been shown to enhance the financial stability of companies
engaged in public procurement, mainly through the optimal allocation of additional revenue
into current assets and repayment of current liabilities. This finding aligns with the
expectations and suggests that strategic financial management, aided by dynamic pricing, can
mitigate bankruptcy risks and improve financial health. Moreover, the positive correlation
between recommended prices and supplier price offers indicates that suppliers are responsive
to strategic pricing recommendations. This responsiveness can be leveraged to optimize
procurement strategies, ensuring competitive yet profitable bids. Suppliers' ethical acceptance
of price adjustments also supports the recommended pricing model's practical applicability.

The model's effectiveness in reducing unearned revenue is an important aspect to
highlight. With a model quality of 83,9%, the model helped to decrease unearned revenue by
83,9%. When combined with the perception level of 55%, the overall reduction in unearned
revenue can be calculated as 83,9% * 55% = 46.2%. Thus, implementing the model will help
decrease unearned revenue by approximately 46.2%, demonstrating a significant
improvement in financial outcomes. In conclusion, this study provides robust evidence
supporting the strategic use of dynamic pricing and recommended pricing in public
procurement to enhance financial stability and supplier competitiveness. These findings
contribute to the broader understanding of procurement strategies and offer practical
implications for policymakers and managers aiming to optimize public procurement
processes. The demonstrated ability to reduce unearned revenue by approximately 46.2%
underscores the practical value of the proposed model. Additionally, the potential increase in
suppliers' win rates to 65% highlights the significant competitive advantage achievable
through the implementation of the model.

The results and findings of the project are providing solutions that benefit not only
suppliers but also other stakeholders, such as: banks - by earning more from issued
guarantees, as higher lot values generate more income through interest; government - by
helping to combat dumping practices.

Cnucok JimTeparypbl

1. Adjei-Bamfo P., Maloreh-Nyamekye T., & Ahenkan A. The role of e-government in sustainable
public procurement in developing countries: A systematic literature review // Resources, Conservation and
Recycling. — 2019. - Vol. 142. - pp. 189-203. https://doi.org/10.1016/j.resconrec.2018.12.001/

2. Ozbilgin 1. G., & Imamoglu M. Y. The impact of dynamic purchasing systems in the electronic
public procurement processes // Procedia Computer Science. — 2011. - Vol. 3. - pp. 1571-1575.
https://doi.org/10.1016/j.procs.2011.09.236.

3. L. Malacina, E. Karttunen, A. Jadskeldinen, K. Lintukangas. Capturing the value creation in public
procurement: A practice-based view // Journal of Purchasing and Supply Management. - 2022. - Ne
28(3):100745. https://doi.org:10.1016/j.pursup.2021.100745.

158


https://doi.org/10.1016/j.resconrec.2018.12.001
https://doi.org/10.1016/j.procs.2011.09.236

ISSN: 1563-2415 (Print), ISSN: 2959-0469 (Online)

4. Altman E. I. A fifty-year retrospective on credit risk models, the Altman Z-score family of models
and their applications to financial markets and managerial strategies // Journal of Credit Risk. — 2018. - Vol. 14. -
Ne 4. https://doi.org/10.21314/JCR.2018.243&#8203

5. Levy C., Mysore, M. Sneader, K., & Sternfels B. The Emerging Resilients: Achieving Escape
Velocity // McKinsey & Company. — 2020.

6. Féray V. Weighted dependency graphs. Electron. J. Probab.- 2018. - Ne 93.- pp. 1-65.
https://doi.org/10.1214/18-EJP222.

7. Aichernig B. K., Lorber F., & Ni¢kovi¢ D. Time for mutants - model-based mutation testing with
timed automata // In Tests and Proofs: 7th International Conference, TAP 2013, Budapest, Hungary, June 16-20,
2013. Proceedings 7. — Springer Berlin Heidelberg, 2013. - pp. 20-38. https://doi.org/10.1007/978-3-642-38916-
0_2.

8. Sahay A. How to reap higher profits with dynamic pricing // MIT Sloan management review. —
2007. - Ne48(4). — pp.53-60.

9. Rosala M., & Moran K. The funnel technique in qualitative user research // Nielsen Norman
Group. — 2022. https://www.nngroup.com/articles/the-funnel-technique-in-qualitative-user-research.

10. Saunders B., Sim J., Kingstone T., Baker S., Waterfield J., Bartlam B., ... & Jinks C. Saturation in
qualitative research: exploring its conceptualization and operationalization // Quality & quantity. — 2018. - Vol.
52. - pp. 1893-1907. https://doi.org/10.1007/s11135-017-0574-8.

11. Soyer E., & Hogarth R. M. The illusion of predictability: How regression statistics mislead experts
/I International Journal of Forecasting. - 2012. - Vol. 28. - Ne 3. - pp. 695711
https://doi.org/10.1016/j.ijforecast.2011.02.004.

12. Murdock Jr, B. B. The serial position effect of free recall // Journal of experimental psychology. —
1962. - Vol. 64. - Ne 5. - pp. 482. https://doi.org/10.1037/h0045106.

References

1. Adjei-Bamfo P., Maloreh-Nyamekye T., & Ahenkan A. The role of e-government in sustainable
public procurement in developing countries: A systematic literature review. Resources, Conservation and
Recycling, 2019, 142, pp. 189-203. https://doi.org/10.1016/j.resconrec.2018.12.001.

2. Ogbilgin 1. G., & Imamoglu M. Y. The impact of dynamic purchasing systems in the electronic
public  procurement  processes. Procedia Computer Science, 2011, 3, pp. 1571-1575.
https://doi.org/10.1016/j.procs.2011.09.236.

3. L. Malacina, E. Karttunen, A. Jaidskeldinen, K. Lintukangas. Capturing the value creation in public
procurement: A practice-based view. Journal of Purchasing and Supply Management, 2022, 28(3):100745.
https://doi.org:10.1016/j.pursup.2021.100745.

4.  Altman E. I. A fifty-year retrospective on credit risk models, the Altman Z-score family of models
and their applications to financial markets and managerial strategies. Journal of Credit Risk,
https://doi.org/10.21314/JCR.2018.243&#8203.

5.  Levy C., Mysore, M. Sneader, K., & Sternfels B. The Emerging Resilients: Achieving Escape
Velocity. McKinsey & Company, 2020.

6. Féray V. Weighted dependency graphs. Electron. J. Probab, 2018, 93, pp. 1-65.
https://doi.org/10.1214/18-EJP222.

7. Aichernig B. K., Lorber F., & Nic¢kovi¢ D. Time for mutants - model-based mutation testing with
timed automata. 7th International Conference, TAP 2013, Budapest, Hungary, June 16-20, 2013. Proceedings 7.
Springer Berlin Heidelberg, 2013, pp. 20-38. https://doi.org/10.1007/978-3-642-38916-0_2.

8. Sahay A. How to reap higher profits with dynamic pricing. MIT Sloan management review, 2007,
48(4), pp.53-60.

9. Rosala M., & Moran K. The funnel technique in qualitative user research. Nielsen Norman Group,
2022. https://www.nngroup.com/articles/the-funnel-technique-in-qualitative-user-research.

10. Saunders B., Sim J., Kingstone T., Baker S., Waterfield J., Bartlam B., ... & Jinks C. Saturation in
qualitative research: exploring its conceptualization and operationalization. Quality & quantity, 2018, 52, pp.
1893-1907. https://doi.org/10.1007/s11135-017-0574-8.

11. Soyer E., & Hogarth R. M. The illusion of predictability: How regression statistics mislead
experts. International Journal of Forecasting, 2012, 28 (3), pp. 695-711.
https://doi.org/10.1016/j.ijforecast.2011.02.004.

12. Murdock Jr, B. B. The serial position effect of free recall. Journal of experimental psychology,
1962, 64 (5), pp. 482. https://doi.org/10.1037/h0045106.

159


https://doi.org/10.21314/JCR.2018.243&#8203
https://doi.org/10.1007/978-3-642-38916-0_2
https://doi.org/10.1007/978-3-642-38916-0_2
https://doi.org/10.1007/s11135-017-0574-8
https://doi.org/10.1016/j.ijforecast.2011.02.004
https://doi.org/10.1016/j.resconrec.2018.12.001
https://doi.org/10.1016/j.procs.2011.09.236
https://doi.org/10.1007/978-3-642-38916-0_2
https://doi.org/10.1007/s11135-017-0574-8
https://doi.org/10.1016/j.ijforecast.2011.02.004

TEHJAEPJIIK NPOUECTEPJEI'T )KETKI3YIHIJIEP YIINIH BOCEKEJIECTIK APTBIKIIBIJIBIK
PETIHIE TUHAMHWKAJBIK BAFA BEJTUIEY I MAUJTAJTAHY

A.K. Incymaceiimoea®”, P.B. Casockun, /1. Yoyoxypu?®

'Kasaxcman-Bpuman Texnuxanoiy Ynueepcumemi, Anmamot, Kazaxcman
2Kenmepbepu Kpaiicm Yepu Ynusepcumemi, Kenmepbepu, ¥noi6pumanus

Tyiin. Byn sepmmey memaekemmik camvin anyiapoa aiblHOAAH Mabblcmuly YAeCiH a3aumy Yulin
OuHamukanvlk baza 6eneiney moolenin dcacayea OAbIMMANEAH. 3epmmey HbICAHbL — JOMMblY 20i1 OA2ACHIH
AHBIKMAY YWiH MeMAeKemmiK Camuin anyiapaa HCemkizyuinepoiy Kamoicy npoyeci. 3epmmey memaeKkemmix
camuvin any NOPMATbIHGIY OepeKmepiH, KOMNAHUAAAPObIY KAPHCHLIbIK eCenminicin d#cane mepeHoemiiceH
cyxbammapovl KaMmumulH CAHObIK JHCIHe CAnalblk 20icmepee HezizoenceH. Anvmman moldenin naiidaranda
OmuIpbINn, MAIdday KOcblMuia Kipicmiy Kvicka mepsimoe (1-2 icvln) KOMRAHUSAHBIY OAHKPOMMBIKKA YbIpay
BIKMUMALObIZbIHA Kalall acep ememinin 3epmmetioi. Homuowcenep ounamukanvix 6aza 6eneineyoiy 14-16%
Oeneeilindeei MuimMOi KOIOAHLLIYbL KOMNAHUSIHOIY KAPJICHLIbIK JHCAZOAUbIH  JHCAKCAPMA  AJIAMBIHBIH  JCIHE
bankpommulx  Kaynin memenoememinin kopcemeoi. Conoaii-ax, 3epmmey 6bapuvlcblHOa meHOepaepoezi
YewinblI2ak Oazanapovly Jicemkizywinepliy Oaza 6eneiney wewtimoepine acepi 0a2ananobl: dcemKizyuiiiep
yevinviizan basanapovt wamamen 55-60%-2a yazatimaowl. Kenmeeen swcemxizywinep 6yn apexemmi SmuKaivly
den canauiovl, oUmKeni ousHecmiy makcamol — navda maby. 3epmmey KopbimwiHObICbL OoUbIHWA 65% cambin
anyrapovl Jicenin any2a odicone anviHbazan mabsicmel 83,9%-2a azaiimyza apHAaneaH CbI3LIKMBIK MOOEb
arcacanovl.

Tyiiin ce3dep: ounamukanvly baza beneiney, memieKemmix camoin auy, arbinbasan mabvic, Aremman
MOOe, KapI#rColIblK MYPAKMbLIbIK.

NCIIOJB30BAHUE TUHAMHUYECKOI'O HEHOOBPA30OBAHUSA KAK
KOHKYPEHTHOI'O IPEUMYIIECTBA JJIS1 IOCTABIIUKOB B TEHAEPHBIX TPOIECCAX

A.K. Incymaceiimoea*”, P.B. Casockun, /1. Yoyoxypu?

! Kazaxcmancko-Bpumanckuii mexnuuyeckuii ynuusepcumem, Aimamol, Kazaxcman
2 Vuusepcumem Kenmepbepu Kpaiicm Yepu, Kenmepbepu, Benuxobpumarus

Pe3tome. [lannoe uccrnedosanue HANPasieHo Ha paspabomky Mooenu OUHAMUYECKO20 YeHOOOpA308aHUs
01 COKpaujeHusi 00U Hepedaru308aHHO20 00X00a 8 20cyoapcmeeHnblx 3aKynkax. Obvekmom ucciedo8anus
A6NAEMCcA  yuacmue NOCMABWUKOS 8 20C3AKYNKAX C Yeablo onpeoeneHus cnpaseoiugou yewvl aomd. B
UCCIe008aHUU UCNONIB308AHBL KOAUYECMBEHHble U KAYeCMmBeHHble Memoobl, 6Kaouds OdHHble ¢ NOpmMand
20C3aKYNOK, UHAHCOBYIO OMUemHOCMb KOMNAHUIL U 21yOunHble unmepevio. C npumenenuem mooenu Anommana
npoeeden aHanu3 GIUAHUSL OONOIHUMENbHO20 00X00d OM OUHAMUYECKO20 YeHO0Opa308anus HA 8epOSIMHOCHb
OanKkpomemea KOMNAHUU 8 Kpamxocpounou nepcnekmuege (I1—2 200a). Pesynomamsr nokaswvigarom, 4mo
ONMUMATILHOE UCNONIL30BAHUE OUHAMUYECKO20 YeHoobpasosanus ¢ sggexmom 14—16% moocem yayuuwiumo
@DUHAHCOBYIO  YCMOTNUBOCMb  KOMNAHUY, CHUJCAss puck 6aumkpomcmea. Takoice uccrnedyemces 6ausHue
DEKOMEHOOBAHHbIX UYEH HA peuleHUs nocmaswuxkos: nocmasuwjuxu 6 55—060% cnyuaes yeenuuugarom yeHol
OMHOCUMENbHO DEKOMEHOOBAHHBIX, CUUMAs MO NOBCOCHUe IMUYHbIM, NOCKOJbKY Yeablo OUsHeca s61semcs
noayyerue npudbsliu. B 3axnouenue paspabomarna runeliHas mMooeib, NO380aA0WAs gblucpbleamsb 65% 3aKynok
U CHUICAMb Hepeanru3068anhblil 00x00 Ha 83,9% no cpasuenuro ¢ mexyweti cumyayueti.

Kniouesvie cnosa: ounamuueckoe yenoobpazosanue, 20cy0apCmeeHHble 3aKyNKu, Hepeaiu306aHHblil
00x00, MOOenb Anbmmana, PuHAHCO8AsL YCNOUYUBOCHD.
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