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Annotation. This article examines approaches to ROC-analysis for modeling commercial data behavior. It
examines a set of similar data on retail sales over a specific period of time. Based on existing estimates, a forecast is
made and its quality is assessed using baseline metrics confirming the forecast's reliability. Based on the confusion
matrix, conclusions were drawn regarding the model's reliability and balance. The final forecast demonstrated a high
degree of reliability. The most significant features for classification were identified, providing valuable insights into
the factors influencing the final target variable. The combined importance of the identified features allowed us to
evaluate their role in the classification process.
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Introduction. We considered a dataset containing point-of-sale sales results for a major
player in the retail market. Based on the initial data, we had to predict the target variable values
for the initial dataset and select a forecasting method that would most accurately predict data over
the next three months. We also had to evaluate the accuracy and quality of the predictive model.
We also had to evaluate the predicted values using a receiver operating characteristic ROC-curve
and based on this, identify the three most important predictors influencing the target variable.

Data. In this case, we used commercial sales data with the following parameters:

1. Training set: 10,000 rows, 33 columns.

2. Validation set: 20,000 rows, 33 columns.

3. Target variable: Target (binary: O or 1).

4. Distribution of classes in the training set: 50% class 0, 50% class 1.

Method. The Random Forest method was chosen to solve the binary classification problem.
This method was chosen for the described dataset for the following reasons:

¢ Random Forest works effectively with a large number of features and does not require
pre-selection of variables;

¢ the model is resistant to overfitting due to decision tree ensemble;

e the algorithm can account for nonlinear dependencies and interactions between features;
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e the method correctly handles data containing gaps and noise, which is especially
important for large practical datasets collected at points of sale;

e Random Forest provides a built-in feature importance score, which allows for the
interpretation of model results.

Taking this into account, a conclusion was made about the reliability of this method within
the framework of the problem being solved.

To assess the quality of the predictive model, a confusion matrix was calculated, along with
key classification quality metrics: Accuracy; Precision; Recall; and F1-score. The resulting metric
values indicate acceptable quality of the model and its ability to correctly distinguish between
objects in the two classes.

Results. The quality of the predictive model was assessed on a validation set representing
20% of the original data, using standard binary classification metrics.

The following performance indicators were obtained:

e Accuracy = 0.6915;

e AUC (Area Under ROC-Curve) = 0.755.

The Accuracy value indicates that the model correctly classifies approximately 69% of
observations. An AUC value greater than 0.755 indicates good class discrimination and confirms
the adequacy of the constructed model (Figure 1).

AUC = 0,755
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Figure 1. he result of ROC-analysis of the classification of values

Additionally, a confusion matrix was calculated, showing the distribution of correct and
incorrect classifications, allowing for a detailed assessment of the model's performance for each
class. Based on the feature importance assessment using the Mean Decrease Gini criterion, three
of the most significant predictors were identified: P16, P23, and P10. These features contribute
most to the decision-making process based on the Random Forest model and have a key influence
on the final forecast for our dataset (Figure 2). Taking into account objective assessments of
significance, it is these three features that are the most important for forecasting and they will be
decisive in forming a forecast for the data set under consideration.

Ton-3
> print(head(imp_df, 3))
Predictor Importance

P16 P16  288.8789
P23 P23  246.7440
P10 P10  226.3062

Figure 2. The most significant features in the data set under consideration
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In addition, a predictive binary classification model was built using the Random Forest
method. The model was trained and tested on a validation set, and its quality was assessed using
the Accuracy and AUC metrics. The model was also interpreted by identifying the most important
features. The results showed that the model has satisfactory quality and can be used to solve value
prediction problems within this dataset (Figure 3).
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Figure 3. Final class probability distribution

The Random Forest method was chosen to solve the classification problem because it
effectively models complex nonlinear relationships, is robust to overfitting, and provides a built-
in feature importance assessment mechanism.

The confusion matrix demonstrates the balanced quality of the model: it identifies positive-
class objects reasonably well and does not exhibit a critical bias toward false positives.

At the final stage, a final prediction for the dataset was generated, which, following practical
implementation, demonstrated a high degree of reliability.

Furthermore, the analysis successfully identified the three most important predictors.
Understanding feature importance not only improves the model but also provides valuable insights
into the factors influencing the target variable.

The combined importance of the three identified features exceeds 27%, indicating their
dominant role in the classification process.
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MPEACKA3AHUE 3HAYEHUWI1 LIEJIEBOI IPEMEHHOM 1
MNOCTPOEHUE ROC-KPUBOI

/.M. Pazeb
K.9.H., 0oyenm xageopwl sxonomuru beropyccrozo
20Cy0apCmeeHH020 YHUGePCUmMema UHGOPMAMUKY
U pAOUOIIeKMPOHUKU

Annorammsi. B craree paccmarpuBarorcs moaxoas! kK ROC-amamm3y MOZETHMPOBAHUS TIOBEICHHS
KOMMEpUECKUX JAHHBIX. B crarbe paccMaTpuBaeTcst HA0Op OJHOTHITHBIX JAHHBIX O MPOJA’KAX B POZHHYHON CETH B
TCYEHHE OTCIBHO B3ATOTO MEPHOIA BPEMCHH.

Ha ocHOBaHMH CYHIECTBYIOIIMX OLICHOK JCJIACTCSI MPOTHO3 M OILCHHWBACTCS €0 KAYeCTBA HA OCHOBAHUH
0a30BBIX MOKA3aTEICH, MOATBEPKIAOIINX YPOBEHb JOCTOBEPHOCTH IPOTHO3a. Ha OCHOBAaHHMM MaTpHIBI OIIHOOK
CZICTaHBI BHIBOABI O JOCTOBEPHOCTH M COATAHCHPOBAHHOCTH MOJCIIH.

HTorossIii mMpoTHO3 MOKA3aIl BEICOKYIO CTETICHD TOCTOBEPHOCTH. OIpeiecHbI Han00JIee 3HAYNMbIEC IPU3HAKH
JUT KIACCU(HMKAIMY, YTO MO3BOJUIO IOJIYUHUTH IICHHYIO MPEAMETHYI0 HHPOPMAIMIO 0 (paKTOPax, BIMIOMMX HA
HTOTOBYIO LEJICBYIO TepeMEHHY 0. COBOKYITHASI BAXKHOCTD BBIZICTICHHBIX ITPH3HAKOB IO3BOJIMIIA JATh OLICHKY MX POJIH
B MPOIICCCE KIACCH(DUKATIIHH.

KiroueBnie ciioBa: AHATM3 JAHHBIX, MAPKCTHHIOBBIC JAHHBIC, KOMMEPUCCKAs OLCHKA, OOJBININC TAHHBIC,
MACCHB JAHHBIX, NPOTHO3MPOBAHWC, MAPKCTHHIOBAS AHANMTUKA, KOMMEpPUYCCKAs AHAIWNTHKA, KOMMEPYECKOE
MOJICTTHPOBAHKE, TIPOTHO3HAS AHAJIUTHKA, IIPOTHO3MPOBAHKE IIOBCICHIS, ANTOPUTMITICCKHI MAPKECTHHT, PHIHOYHBIH
mporuao3, ROC-kpusas, ROC-anamms.
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