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LABEL ENTROPY WITH SIMILARITY GRAPH CLIQUE FOR ASSESSING
ANNOTATION QUALITY

Abstract: We introduce simple metrics using the entropy of label distribution in lo-
cal maximum cliques of similarity graph, which can assess human annotation quality
for large image datasets. Since the annotation is done by a human task, it always
contains potential errors hidden in a dataset due to manual fluctuation or inconsist-
ency. This annotation error is crucial, especially in medical image multi-class clas-
sification as a label noise when we create a classifier with machine learning. In our
work, we focused on how to assess the entire label quality in a large dataset. To this
end, we proposed novel metrics for assessing the label quality of datasets. We also
assessed existing label noise detection methodologies with our metrics and found
that the transformed label propagation with label-smoothing methodology, which
is first proposed here, showed a quite high accuracy among the three methodolo-
gies.
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ENTROPIJA OZNAKA S GRAFIKONOM SLICNOSTI KLIKA ZA PROCENU
KVALITETA ANOTACUJA

Apstrakt: Uvodimo jednostavne metrike koristeéi entropiju distribucije oznaka u
lokalnim maksimalnim klikovima grafikona sli¢nosti, koja moze proceniti kvalitet
ljudskih beleski za velike skupove podataka slika. Buduéi da se zabeleske obavljaju
od strane ljudskih zadataka, uvek sadrze potencijalne greske skrivene u skupu po-
dataka zbog ruc¢ne fluktuacije ili nedoslednosti. Ova greska u napomeni je kljucna,
posebno u viseklasnoj klasifikaciji medicinskih slika kao Sum oznake kada kreiramo
klasifikator sa masinskim ucenjem. U svom radu fokusirali smo se na to kako proce-
niti celokupni kvalitet oznake u velikom skupu podataka. U tu svrhu, predlozili smo
nove metrike za procenu kvaliteta oznaka skupova podataka. Takoder smo procenili
postoje¢e metodologije za detekciju Suma na oznaci pomocu nasih metrika i otkrili
da je transformisano Sirenje oznaka s metodologijom zagladivanja oznaka, koja je
ovde prvi put predlozena, pokazala prili¢no visoku ta¢nost medu tri metodologije.

Kljuéne reéi: entropija, propagacija oznaka, graficko-bazirano masinsko ucenje, anotacija
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1. INTRODUCTION

The annotations to multiple class image datasets are subject to fluctuation and in-
consistency of human manual tasks. It is crucial, especially in medical image classifi-
cation, which usually varies from 3-class to 7-class according to the stage of disease
[1]. Since these low-quality annotations are known as label noise in machine learn-
ing, reducing label noise is a key element for building a high-performance classifier.
Nowadays, the machine learning algorithm is more and more sophisticated, this
label noise is a more important factor in ensuring the performance of the machine
learning model accordingly. Nevertheless, few studies have dealt with this problem
to date. There are two reasons for this, one is a lack of information about the quality
of annotations. Once a label is assigned, the annotation work behind labeling is
usually not recorded, making it inherently difficult to verify its reliability afterward.
We have tackled this issue by expanding the existing label propagation method to
unsupervised learning to detect probable low-quality labels that spread multiple
categories [2, 3]. The other is a lack of indicators to assess the degree of annotation
quality of the dataset. There are no supervised data to assess the annotation quality,
which means that we have no ground truth label. Therefore, in order to assess the
label quality of the dataset, developing a standard methodology of explainable,
plausible, and applicable to any dataset with labels is one of the imminent issues.
Despite several research efforts that have been made to tackle label noise detection
and to assess their performance [2, 3], it is still substantially difficult because there
are no available ground truth labels. This is similar to the common recognitions
when we evaluate the performance of unsupervised learning, it is necessary to de-
velop performance metrics or indicators that should be adopted for individual un-
supervised learning. For example, graph clustering, which is one of the well-known
unsupervised learning, modularity [4, 5] or normalized cut [6] is conventionally used
for the criteria of good clustering. In anomaly detection, we conventionally use pre-
cision and recall, even though it is only useful if we can somehow evaluate the nor-
mal and abnormal with domain experts. On the other hand, when it comes to label
quality assessment, especially in the medical field, there are fewer evaluation guide-
lines and difficulties due to the graded labeling of medical images across multiple
categories. Even if domain experts gather and evaluate the label validity, the unified
consensus of determining one label for a diagnostic image is hard to acquire due to
discrepancies among experts’ opinions.

In this work, we propose novel and simple metrics that can assess label noise quan-
titatively. The concept behind this metric is a hypothesis that we can infer the quality
of labels from the relationships between data. In other words, through this process,
we can infer the label quality without knowledge of label quality. Our primary con-
tribution is introducing a standard methodology to assess the entire label quality in
a dataset. In addition, we introduced the label smoothing technique to detect label
noise with the highest accuracy compared to existing works. Furthermore, our con-
tribution to this work lies in pioneering a graph-based approach to deal with assess-
ing and detecting label noise spread in multiple categories at once. In the following
part of this paper, the manual classification task is referred to as an ‘annotation’, and
the classification result by this manual annotation or result by any computation is
referred to as a ‘label’, both of which shall be used accordingly.
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2. METHOD AND DATASET

A. Problem Definition

Under the situation where labeled datasets of multi-class categories are given and
no information about the reliability of the label and ground truth is given, a meth-
odology to assess the entire label quality in the datasets and an effective method-
ology to find low-quality labels of each class shall be invented.

B. Basic Approach for Defining Metrics

Toward inventing these methodologies, we consider extracting the underlying
principles that datasets intrinsically have. To this end, we focus on the dataset as
a whole instead of individual labeled data. More specifically, we build a similarity
graph among data to extract the relationship between all data with labels. The node
of the graph denotes each data such as an image with its label. The edge of the
graph denotes the similarity between two nodes. This graph also allows us to extract
the inconsistency between data similarity and their labels simultaneously. This is the
primary idea to approach assessing the label quality. We will then explain how this
inconsistency can be quantified. Firstly, we find the graph cliques [7] from the simi-
larity graph. A clique is a subgraph where every pair of distinct nodes is connected
by an edge. This means that all nodes in the clique are quite similar to each other.
Although the similarity graph does not always have a clique due to the feature of
a complex network [8], it tends to have several cliques due to its high clustering
coefficient [7]. This is one of the key points we focus on cliques here. Secondly, we
represent the label distribution of each clique with entropy. If the entropy is high,
the label distribution is more uniform across a clique, with a wider spread of many
labels. On the other hand, if the entropy is low, a smaller variety of labels is in the
clique.

Fig.1 shows our basic idea focusing on a clique with its label distribution. (A) de-
notes a clique of six nodes with two kinds of labels, and (B) denotes a clique of six
nodes with three kinds of labels. Obviously, the more diverse the types of labels,
and the closer their distribution is to a uniform distribution, the higher the entropy.
Therefore, the entropy of (B) is higher than that of (A), which suggests data in (B)
contains low-quality labels.
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Fig. 1. Example diagram of label distribution in a graph clique.



262
C. Dataset

We verified our method with three types of medical image datasets, including sin-
gle-cell and cluster-cell of cervical cancer: the 917 images of single-cell from Herlev
datasets (7-class) [9], 950 images of cluster-cell from SIPaKMeD datasets (5-class),
and 4049 images of single-cell from SIPaKMeD datasets (5-class) [10]. These 4049
images are cropped manually as isolated single-cell images from cluster-cell imag-
es. These datasets are commonly recognized in cervical cytology. The Herlev dataset
is colored and provided in BMP format with approximately 100 KB. The SIPakKMeD
dataset is also Pap smear images captured with a CCD camera attached to an optical
microscope and classified into 5-class. This dataset is colored and provided in BMP
format with approximately TMB each and has variations in resolutions and pixel
sizes. Fig.2 (a) shows the example images of the Herlev (single-cell), Fig.2 (b) shows
the example images of the SIPaKMeD (cluster-cell), and Fig.2 (c) shows the example
images of the SIPaKMeD (single-cell).
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Figure 2. Example images of Herlev and SIPaKMeD.

The number of data (images) in each class is listed in Tables I, I, and 1. In parenthe-
ses in the class column represent the abbreviations of full class names.

Table 1: Description of Herlev Dataset(single-cell)

Category Class Data samples (917 in total)
Abnormal Light Dysplastic (LD) 182

Abnormal Moderate Dysplastic (MD) 146

Abnormal Carcinoma in Situ (CS) 150

Abnormal Severe Dysplastic (SD) 197

Normal Normal Columnar (NC) 98

Normal Normal Superficial (NS) 74

Normal Normal Intermediate (NI) 70
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Table 11: Description of SIPakKMeD Dataset(cluster-cell)

Category Class Data samples (950 in total)
Abnormal Dyskeratotic (DY) 223
Abnormal Koilocytotic (KO) 232
Benign Metaplastic (ME) 271
Normal Parabasal (PA) 108
Normal Superficial Intermediate (SU) 116

Table IIT: Description of SIPaKMeD Dataset(single-cell)

Category Class Data samples (4049 in total)
Abnormal Dyskeratotic (DY) 813
Abnormal Koilocytotic (KO) 825
Benign Metaplastic (ME) 793
Normal Parabasal (PA) 787
Normal Superficial Intermediate (SU) 831

D. Proposed Method

We start by building a similarity graph with images as nodes with labels. In convert-
ing an image into a vector, we use the vision transformer which extracts the features
of each image. The vision transformer develops attention technology by dividing an
image into small patches of 16 x 16 pixels and vectorizing each patch by treating it
as a token. Then we have a 768-dimensions feature vector of each image. Although
the target resolutions and pixel sizes of these images vary from low to high, and
from small to large (some images exceed 400 x 400 pixels), this vision transformer
allows these images to be treated as feature vectors of the same dimension robustly.
In the Herlev and SIPaKMeD datasets, ith diagnostic image (node) is expressed as a
768-dimensional vector x_i where i€V. One of the benefits of the vision transformer
is the stability in converting different image pixels into a uniform feature vector.
While several methods are proposed [11, 12] to convert cervical cytology images to
feature vectors, we adopted vit-base-patch16-224 [13] in our model considering its
proven track record in a wider range of experiments. To calculate the similarity be-
tween feature vectors, we tried three distance functions: cosine similarity, Minkowski
distance, and Hausdorff distance [14]. Among these functions, the cosine similarity
showed a good similarity representation for both single-cell and cluster-cell image
datasets. To build the graph, we have to decide on the algorithm and the similarity
threshold. One of the commonly recognized algorithms is the cosine similarity. We
adopted the cosine similarity to calculate edges, and these weighted edges were
added only when the similarity was higher than 0.74. If we set higher values as the
similarity, edges will decrease and if we set lower values, edges will increase. We
have to note here that if we increase this threshold, isolated nodes are more likely to
occur. We found the value of 0.74 as a threshold to be the most suitable for dealing
with the feature vector from images. Weighted edges built between nodes based
on their similarity are normalized into a numerical value between 0 and 1. Then we
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have a weighted undirected graph. For example, in the Herlev dataset of single-cell
images, the number of nodes is 917, which means that the adjacency matrix dimen-
sion is 917 x 917. The number of edges is 11431. The average degree is 24.9, and
the average cluster coefficient is 0.347. To find cliques in the graph, we can select
any existing algorithm to explore for cliques, such as the Bron-Kerbosch Algorithm
[7]. In this work, we adopt a standard greedy algorithm as the most fundamental
algorithm by starting from each node and sequentially adding adjacent nodes to
the clique, then enumerating cliques. Table ¥ shows a characteristic of each graph
built from the Herlev and the SIPaKMeD datasets.

Table X: The Characteristics of Image Similarity Graph
Herlev (single-cell) SIPaKMeD (cluster-cell) SIPakKMeD (single-cell)

# of nodes 917 950 4049
# of edges 11431 10929 82426
Average

Degree 24.9 12.1 40.7
Average

Clustering

Coefficient 0.347 0.445 0.341
Maximum

clique size

(# of nodes) 19 30 60

The entropy of label distribution in a clique H(C) is expressed in (1). Let V_C be the
set of nodes belonging to a clique C, and L be the set of labels. Now we explain how
to express the metrics of label quality in (1), where I€L.

H(O)=-2_1#[P|C)[log]_2 ] P(|C) ®

P(I|C) is the probability of the label | appearing in a clique C, that is,

P(l | C)=count(1)/|V_C |, and |V_C | denotes the number of nodes in a clique C. Then,
we calculate the average entropy of each clique in the graph. Thus, we have metrics
of label quality assessment of the graph.

Having discussed the metrics above, we now describe our proposed method for
detecting label noise with high accuracy. Our method is based on the transformed
label propagation [2] and improves this with a label-smoothing technique. The
transformed label propagation (T-LP) is one of the methods to detect low-quality
labels and to show possible correct labels at the same time. T-LP is an unsupervised
learning, which is one of the derivatives of label propagation (also known as label
spreading) and is expressed in (2).

F=(-aS)"(-1) Y 0

S is a normalized adjacency matrix representing the undirected and weighted graph
structure G= (V,E,L), where V denotes a set of nodes (also known as vertexes), E
denotes a set of edges, and L denotes a set of labels. When we denote the num-
ber of nodes as N, S is a square matrix with the dimension of NxN. Each element
contains a non-negative value between 0 and 1 if there is an edge between nodes.
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If the similarity between nodes is high, the value will be closer to 1, and if there is
no edge, this value equals zero. | is the identity matrix and Y is an initial label matrix.
The dimensions of Y are Nxc where ¢ represents the number of classes. For example,
when we classify images according to the degree of cancer progression into seven
stages based on images, we will set c=7. In the initial label matrix for the Herlev
dataset, the rows of this matrix correspond to the classes of LD, MD, CS, SD, NC, NS,
and NI in that order from top to bottom. Likewise, the columns of this matrix corre-
spond to the same order from left to right. Looking at this matrix row-wise, we can
see that each row is a one-hot vector where only the element corresponding to the
assigned label has a value of 1. a is a scalar constant that controls the label propa-
gation; the smaller o is, the more it is affected by the given label, and the larger o
is, the more it is affected by the graph structure. This formula is calculated to obtain
the label estimation result F, that is, F is an estimated label score matrix. Y of the
transformed label propagation (T-LP) is built by randomly selected labels (which are
initial labels) from assigned labels in the matrix. Then, is a mixture of a supervised
label (Y_(i,l)=1) and an unknown label (Y_(i,))=0), where i€V, then, we set all labels
other than the selected initial label to zero (Y_(i,j)=0). F_final is the calculated result
of several times selecting the initial label randomly in an ensemble manner, that is,
F_final =mode(F). This means that the most frequent value among the labels given
to each node is regarded as the final label within the trial number.

The label-smoothing technique is an operation L_S of the initial label matrix Y to
normalize the value row-wise, Y»'=L_S (Y). Y*'is no longer a one-hot vector (0 or 1).
Instead, Y_(i,)*" has a value of 0<Y_(i,)*'<1 and Y} _i#Y_(i)' =1. Any function can
be selected as L_S as long as it satisfies this condition.

E. Experimental Setup

To process two types of graphs in our experiment, nodes are stored in a JSON for-
mat file, in which the key is an image file name and the corresponding value is its
feature vector. Since each of these datasets does not include label noise that should
be used for our experiment verification, we intentionally and randomly gave pseu-
do-label noise to them. The label noise is defined here as the set of incorrect labels.
The percentage of label noise varied from 5% to 30% of the total in 5% increments.
For example, the Herlev dataset has 917 labels according to 917 nodes. If we pro-
duce 10% label noise in this dataset, it means 91 nodes are selected and changed
intentionally into incorrect labels. Our experiment was executed on an Intel Core i7
1.8 GHz processor and 16 GB of memory. Any specific environment, such as a GPU
and TPU, was not required for our work.

We evaluated the label quality of datasets with three patterns and one baseline and
then compared the entropy. The baseline is a graph built from the Herlev and SIPa-
KMeD datasets as is. The three patterns consist of a graph with label noise (noise-in-
cluded graph), a graph of transformed label propagation (T-LP) results from the
noise-included graph, and a graph of T-LP with the label-smoothing each. We exe-
cuted T-LP with the initial label ratio of 70%, a was set to 0.014, and the trial number
of 11 times according to [2]. We introduced a threshold in clique size with over 10
nodes and calculated the average entropy of such cliques. This is to eliminate the
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effects of excessively small cliques. As a label-smoothing technique, we set the initial
label score of 0.7 in each node belonging to the class of LD, MD, CS, and SD, all of
which are categorized as abnormal in the initial label matrix. As the label-smoothing
technique is the operation of the initial label matrix to normalize the value row-wise,
we set the initial label score of 0.1 each in the remaining elements corresponding to
the abnormal category in the row.

3. RESULTS

A. Label Entropy of Several Noise Ratios

In the graph built from the Herlev dataset, we evaluated those cliques that had over
10 nodes. Each clique has nodes with labels that belong to each class in Table I.
For example, the maximum size of the clique of the Herlev dataset had 19 nodes
and consisted of eight SDs, seven CSs, two NCs, one MD, and one LD of label each.
Then the label entropy of this clique is calculated at 1.845 according to (1). Thus the
average label entropy of all cliques of over 10 nodes is calculated at 1.565. In the
same way, in the graph built from the SIPaKMeD cluster-cell and single-cell dataset
respectively, we evaluated those cliques that had over 10 nodes. The maximum size
of the clique was 30 nodes and 60 nodes each. The average label entropy of these
cliques is calculated at 0.718 and 0.298, respectively. These values are the baseline
as the average label entropy represented in the blue lines respectively in Fig. 3 of
(a) Herlev, (b) SIPaKMeD cluster-cell, and (c) SIPaKMeD single-cell. We have to note
here that these baselines are not down to zero. This is because these datasets are
also considered to inherently contain annotation uncertainties. The average label
entropy represented in the orange lines in Fig. 3 corresponds to the graph with
label noise (noise-included graph). Because the label noise was intentionally and
randomly added to the graph, the orange lines always show higher entropy than
the baselines. The average label entropy represented in the green lines in Fig. 3 cor-
responds to the graph of T-LP results. Because T-LP encourages label reassignment
from the original noise-added graphs by utilizing the similarity graph structure [2],
the green lines tend to show lower entropy than the orange lines. It is of particular
importance to emphasize here that the average label entropy represented in the
red lines in Fig. 3, which corresponds to the T-LP with the label-smoothing, shows
almost always lower entropy than green lines. This suggests our proposed method
of T-LP with label-smoothing is the most effective method to detect the low-quality
labels from the dataset with label nose.
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Figure 3. Label entropy of several noise ratios.
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We have to note again that the performance of T-LP with label-smoothing (red
lines) should be compared to T-LP (green lines), not to baseline (blue lines). This is
because this experiment is always executed under noise-included situations.

B. Ablation Studies

In a graph-related process, both the threshold of cosine similarity of images and the
control parameter of transformed label propagation o are tested for how these affect
our results. We compared cosine similarity with a threshold from 0.6 to 0.8 for the
building graph. The precision of the noise detection is sensitive to this threshold. When
we tighten this threshold from 0.74 to 0.75, edges reduce from 11431 to 8612 in the
Herlev single-cell dataset, which means that isolated nodes are more likely to remain,
which will compromise the subsequent transformed label propagation. a is another
important parameter that decides the label and is usually set around 0.2, however,
we set much lower values varied from 0.01 to 0.02 for controlling the label decision
process in the transformed label propagation aiming at minimizing the influence of
initial labels which might have low-quality labels and maximizing the benefit of graph
structures. Therefore, we found that 0.014 is the most suitable for all three datasets.

4. DISCUSSIONS

We explain several analyses here regarding each process, that is, graph building,
graph clique search, and label-smoothing techniques for considering the robust-
ness of our experiment results.

For graph building, we adopt cosine similarity for graph construction. This is a gen-
eral method that builds weighted edges based on the similarity between nodes
that have a high degree of similarity. We also used locally linear embedding (LLE)
[15]. The LLE embeds a high-dimensional vector into a low-dimensional space while
preserving the local linear relationship of data points. This is also a well-known ap-
proach to building a graph, however, we did not observe any noticeable improve-
ment in lowering label entropy.

The graph clique is one of the key points of our idea because it represents the
tight connection of similar data, and all labels of the nodes should substantially be
the same accordingly. However, these labels are not always the same due to the
fluctuation of annotations or inconsistencies in manual tasks. This is why we focus
on this discrepancy as a good indicator to measure the label quality. Because the
graph we built is a weighted graph, even if the same sized two cliques might have a
difference in that they have different edge weights. Therefore, we evaluated how the
edge weights affect the label quality assessment. To this end, we multiply the label
entropy by the inversed value of the summation of edge weights in the clique. This
is because a more weighted clique is more significant in the graph because of higher
node similarity in the clique, compared to the less weighted clique. Fig. 4 shows the
average label entropy similar to Fig. 3. The only difference here is that each label
entropy of the clique is weighted by the edge weights in each clique in Fig. 4. Similar
to Fig.3, we observed that T-LP with the label-smoothing (red lines) shows almost
always lower entropy than T-LP (green lines) and both lines are always under graph
with label noise (orange line).
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The label-smoothing technique is another key point of our work to lower the label
entropy. In our experiment, we distributed the initial score of the label only within
abnormal categories, however, our interest here is how label entropy will change if
the initial label score validation changes.
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Figure 4. Label entropy with weighted cliques.

In our experimental setup, the initial label score is spread across each node belong-
ing to the class of LD, MD, CS, and SD, all of which are categorized as abnormal.
Here, we also distributed the initial label score across not only abnormal categories
but also normal categories and then evaluated how label entropy changed with the
Herlev dataset. Therefore, in addition to label-smoothing in abnormal categories,
we set the initial label score of 0.8 in each node belonging to the class of NC, NS,
and NI, all of which are categorized as normal. Following this, we set the initial label
score of 0.1 each in the remaining elements corresponding to the normal category
in the row of the initial label matrix. Fig. 5 shows both label-smoothing only in ab-
normal categories (red line) and label-smoothing in abnormal and normal catego-
ries (purple line). As an overall view, we observed that applying label-smoothing to
both abnormal and normal categories tends to slightly lower label entropies across
all label noise ratios.
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Figure 5. Label entropy with two types of label smoothing.
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5. CONCLUSION

We focused on the label noise that appears in any dataset because of human an-
notation error and proposed standard metrics of label quality assessment as our
primary contribution. In particular, since multiple class datasets such as cancer
images are subject to manual fluctuation or inconsistency, it is crucial when we
rely on machine learning for automated image classification in the medical field.
Nevertheless, measurement and detection of low-quality labels have been open
issues to be addressed to date, and few studies have tackled these issues due to the
substantial difficulty caused by the lack of information in tracing the label quality.
The essential point of our idea is that it does not require any supervised data, and
more specifically, we focus on the discrepancy between data relations in similarity
and assigned labels. If they are inconsistent with each other, it means that the data
contains low-quality labels. Thus, the key point of our method is utilizing unsuper-
vised learning since there is no supervised data regarding the assessment of the
label qualities. We solved this problem with a series of processes of similarity graph
building, finding graph cliques, and introducing label entropy calculation in each
graph clique.

The secondary contribution of our work is introducing the label-smoothing tech-
nique which extends the existing transformed label propagation method and
demonstrates its effectiveness in good detection of label noise. In light of our label
entropy assessment, the label-smoothing technique that applies to all categories
showed the highest performance among the three methodologies of transformed
label propagation (T-LP), T-LP with the label-smoothing technique that applies only
to abnormal category, and T-LP with the label-smoothing technique that applies to
all categories.

We demonstrated that our unique graph-based approach to measure and detect
label noise in large datasets is quite effective, and this approach has a huge poten-
tial to pioneer any expert system research including a human annotation support
system [16]. In addition, these pioneering works are applicable to several industries
such as quality control in manufacturing and health monitoring in agriculture, not
limited to the diagnostics in the medical field as a part of a machine learning process
for images.

APPENDIX

Our Python code of label entropy and label smoothing for transformed label propa-
gation is publicly available from 'https://github.com/iidaOyasuhiro/Experiment’
Acknowledgment

This work was achieved with the multifaceted advice from several domain experts
such as Tasuku Mariya of Sapporo Medical University, and Yuta Nambu of NTT Hu-
man Informatics Laboratory.



270

REFERENCES

1.

10.

11.

12.

13.

14.

15.

16.

B. S. Deo, M. Pal, Prasanta K. Panigarhi, and A. Pradhan, “CerviFormer: A Pap-smear based
cervical cancer classification method using cross attention and latent transformer,” Interna-
tional Journal of Imaging Systems and Technology 34(2), February 2024.

Y. lida, B. Mrazovac, and Y. Ishigure, “The label noise detection with unsupervised graph-
based reliability estimation in Pap smear image annotation,” IEEE Engineering in Medicine
and Biology Society (EMBC), July 2025, To appear (Unpublished)

Y. lida, B. Mrazovac, and Y. Ishigure, “Unsupervised Learning with Label Commonization for
Uncovering Low-Quality Labels,” IEEE 2025 International Conference on Advanced Machine
Learning and Data Science, July 2025, To appear (Unpublished)

Blondel, V., Guillaume, J., Lambiotte, R. and Lefebvre, E.: Fast unfolding of communities in
large networks, J. Statistical Mechanics: Theory and Experiment, Vol. 2008, P1000, 2008.
Aggarwal, C. C.: Social Network Data Analytics, 1st edition, Springer Publishing Company,
Incorporated, 2011.

Shi, J. and Malik, J.: Normalized cuts and image segmentation, IEEE Trans. Pattern Anal. Mach.
Intell,, Vol. 22, No. 8, pp. 888-905, 2000.

D. Eppstein, M. Loffler, and D. Strash, “Listing All Maximal Cliques in Large Sparse Real-World
Graphs,” ACM Journal of Experimental Algorithmics, Vol. 18, 28 November 2013.

A. L. Barabasi and R. Albert, “Emergence of scaling in random networks,” Science 286, pp.
509-512, 1999.

J. Jantzen, J. Norup, G. Dounias, and B. Bjerregaard, “Pap-smear Benchmark Data for Pattern
Classification,” Nature inspired Smart Information Systems (NiSIS 2005), pp. 1-9, 2005.

M. E. Plissiti, P. Dimitrakopoulos, G. Sfikas, C. Nikou, O. Krikoni, and A. Charchanti, "SIPA-
KMED: A New Dataset for Feature and Image Based Classification of Normal and Pathologi-
cal Cervical Cells in Pap Smear Images,” 2018 IEEE Int. Conf. Image Processing.

I. Pacal, "MaxCerVixT: A novel lightweight vision transformer-based Approach for precise
cervical cancer detection,” Knowledge-Based Systems, vol. 289, 8 April 2024.

A. Halder et al., “Implementing vision transformer for classifying 2D biomedical images,”
Nature, Scientific Reports vol. 14, num 12567, 31 May 2024.

A. Dosovitskiy, et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition
at Scale,” ICLR 2021.

M. Skobel, M. Kowal, and J. Korbicz, “Breast Cancer Computer-Aided Diagnosis System Using
k-NN Algorithm Based on Hausdorff Distance,” Proceedings of the 21st Polish Conference
on Biocybernetics and Biomedical Engineering, pp. 179-188, 23 August 2019.

S. Roweis and L. Saul, “Nonlinear Dimensionality Reduction by Locally Linear Embedding,”
Science, vol. 290, no. 5500, pp. 2323-2326, 2000.

Y. lida, B. Mrazovac, and Y. Ishigure, “Graph-based Similarity Search for Robust Annotation,”
IEEE 2025 International Conference on Advanced Machine Learning and Data Science, July
2025, To appear (Unpublished)



	_GoBack
	_GoBack
	_GoBack
	_GoBack
	_GoBack
	_GoBack
	_GoBack
	_GoBack
	_GoBack
	_GoBack
	_Hlk192011059
	_GoBack
	_Hlk525556168
	_Hlk188103877
	_Hlk187835825
	_GoBack
	_Hlk192506405
	_GoBack
	_GoBack
	_Hlk132190623
	_Hlk191545249
	_GoBack
	_GoBack
	_Hlk132190623
	_Hlk191545249
	OLE_LINK6
	OLE_LINK3
	OLE_LINK1
	OLE_LINK2
	_GoBack
	_Hlk187791033
	_Hlk187598050
	_GoBack
	_Hlk187601557
	_Hlk187602713
	_Hlk187344541
	_Ref187340300
	_Ref187340481
	_Ref187341125
	_Ref187341498
	_Ref187341753
	_Ref187342038
	_Ref187345248
	_Ref187342840
	_Ref187343144
	_Hlk192062703
	_Hlk192660757
	_Hlk192672257
	_Hlk192577870
	_Hlk192578343
	_Hlk192577118
	_Hlk192532977
	_Hlk192577223
	_Hlk192533545
	_Hlk192533078
	_Hlk192577784
	_Hlk192577658
	_Hlk192577696
	_Hlk192577345
	_Hlk192577466
	_GoBack
	_GoBack
	_Hlk186734873
	_Hlk191052955
	_Hlk132190623
	_Hlk191545249
	_Hlk176247330
	_Hlk176198353
	_Hlk192504030
	_Hlk192673966
	_Hlk192504954
	_Hlk192153396
	_GoBack
	_Hlk188473746
	_Hlk188474803
	_GoBack
	_GoBack
	_GoBack
	_GoBack
	_Hlk188888627
	_GoBack
	_GoBack
	_Hlk192842114
	_Hlk192853029
	_GoBack
	_GoBack
	_GoBack
	_GoBack
	Darko Petković
	INDUSTRIJA 4.0 – 
DA LI JE ŽIVIMO U BOSNI I HERCEGOVINI ILI SAMO UČIMO O NJOJ ?
	INDUSTRY 4.0 – 
ARE WE LIVING IT IN BOSNIA AND HERZEGOVINA OR ARE WE JUST LEARNING ABOUT IT?

	Dejan Bokonjić
	Personalizovana medicina i vještačka inteligencija
	Personalized medicine and artificial intelligence

	Murat Dogdubay
	INTERNET OF THINGS (IOT) IN THE KITCHEN UNDER THE CONCEPT OF GASTRONOMY 4.0
	INTERNET STVARI (IOT) U KUHINJI PO KONCEPTU GASTRONOMIJE 4.0

	Немања Поповић
	Милена Конатар1
	Миливоје Радовић1
	Јован Ђурашковић1
	ЕКОНОМСКА НЕЈЕДНАКОСТ У ДОБА ГЛОБАЛИЗАЦИЈЕ: УЛОГА ДОХОТКА ОД РАДА И КАПИТАЛА
	ECONOMIC INEQUALITY IN THE AGE OF GLOBALIZATION: THE ROLE OF LABOR AND CAPITAL INCOME

	Милош Папић
	Владан Пауновић1
	Сања Пузовић1 
	ПОРЕЂЕЊЕ КОНЦЕПТУАЛНИХ И ТЕХНОЛОШКИХ КАРАКТЕРИСТИКА ИНДУСТРИЈЕ 4.0 И ИНДУСТРИЈЕ 5.0
	COMPARATION OF CONCEPTUAL AND TECHNOLOGICAL CHARACTERISTICS OF INDUSTRY 4.0 AND INDUSTRY 5.0

	Марко Алексић, 
	Радмила Бјекић1
	Маја Стругар Јелача1
	Слободан Марић1
	ИНТЕГРАЦИЈА ИНДУСТРИЈЕ 4.0 У МОДЕЛУ ЦИРКУЛАРНЕ ЕКОНОМИЈЕ ЗА ОДРЖИВУ ПРОИЗВОДЊУ
	INTEGRATION OF INDUSTRY 4.0 INTO THE CIRCULAR ECONOMY MODEL FOR SUSTAINABLE PRODUCTION

	Jelena Petković 
	Isidora Jankov 
	Segmentacija izolatora na termalnim slikama upotrebom metoda mašinskog učenja 
	Insulator segmentation in thermal images using machine learning methods

	Džafer Dautbegović
	Emir Đulić 
	Darko Petković
	TEHNOLOŠKI TRANSFER I NJEGOV ZNAČAJ ZA RAZVOJ NACIONALNIH PRIVREDA?
	TECHNOLOGY TRANSFER AND ITS IMPORTANCE FOR THE DEVELOPMENT OF NATIONAL ECONOMIES? 

	Marina Jovanović
	Raza Sunulahpašić1
	Mustafa Hadžalić
	PERSPEKTIVE ISKORIŠTAVANJA DRVNOG I PLASTIČNOG OTPADA U SREDNJOJ BOSNI
	PERSPECTIVES FOR THE UTILIZATION OF WOOD AND PLASTIC WASTE IN CENTRAL BOSNIA

	Đorđe Kotarac
	ANALIZA PRIVREDNOG RAZVOJA IZAZAZVANOG STRUKTURNIM TRANSFORMACIJAMA U DOMENU PRERAĐIVAČKE INDUSTRIJE SRBIJE
	ANALYSIS OF ECONOMIC DEVELOPMENT CAUSED BY STRUCTURAL TRANSFORMATION IN THE DOMEN OF MANUFACTURING INDUSTRY

	Јелена Симовић
	Адиса Омербеговић Араповић
	Марко Ђого 
	КОМПАРАТИВНА АНАЛИЗА МУЛТИФАКТОРСКЕ ПРОДУКТИВНОСТИ ПРЕРАЂИВАЧКЕ ИНДУСТРИЈЕ, ГРАЂЕВИНАРСТВА И ТРГОВИНЕ У БОСНИ И ХЕРЦЕГОВИНИ, СРБИЈИ И ХРВАТСКОЈ
	Comparative analysis of multifactor productivity of manufacturing industry, construction and trade in Bosnia and Herzegovina, Serbia and Croatia

	Luka Marković
	Bojana Pušara Vuković
	Petar Marković
	ANALIZA KONCENTRACIJE NA TRŽIŠTU MALOPRODAJE U BOSNI I HERCEGOVINI
	ANALYSIS OF MARKET CONCENTRATION IN THE RETAIL SECTOR OF BOSNIA AND HERZEGOVINA

	Miloš Grujić
	ULOGA SOCIOEKONOMSKIH FAKTORA U OBLIKOVANJU INVESTICIONOG PONAŠANJA INDIVIDUALNIH INVESTITORA U BOSNI I HERCEGOVINI
	THE OF SOCIOECONOMIC FACTORS IN SHAPING THE INVESTMENT BEHAVIOR OF INDIVIDUAL INVESTORS IN BOSNIA AND HERZEGOVINA

	Тања Лучић 
	ПРИМЈЕНА КОНЦЕПТА ОДРЖИВОГ РАЗВОЈА У ДРЖАВНОЈ СЛУЖБИ
	APPLICATION OF THE CONCEPT OF SUSTAINABLE DEVELOPMENT IN THE CIVIL SERVICE

	Dušica Pjević
	MAKROEKONOMSKI POKAZATELJI U BIH – 
TRENDOVI U SVJETLU ZAMKE SREDNJEG DOHOTKA
	MACROECONOMIC INDICATORS IN BIH - 
TRENDS IN THE LIGHT OF THE MIDDLE-INCOME TRAP

	Igor Bošnjak
	Željko Stojkić1
	Ivica Veža
	Analiza implementacije Lean proizvodnje i Industrije 4.0 u malim i srednjim poduzećima u BiH
	Analysis of the implementation of Lean production and Industry 4.0 in small and medium enterprises in Bosnia and Herzegovina

	Раденко Марић1
	Соња Вученовић
	Никола Мацура1
	Марија Павличевић1
	УТИЦАЈ ПРИМЕНЕ САВРЕМЕНИХ ТЕХНОЛОГИЈА НА АКТИВНОСТИ „FMCG“ ПРОДАЈНИХ ОБЈЕКАТА
	The impact of the application of modern technologies on the activities of ‘FMCG” retail outlets

	Emir Đulić
	Darko Petković
	Aludin Brkić
	Damir Hodžić4
	Emir Vilić
	ZNAČAJ RAZVOJA “FABRIKA ZA UČENJE – LEARNING FACTORY” KAO KONCEPTA PRIPREME ZA DUALNI OBRAZOVNI PROCES NA PREMISAMA INDUSTRIJE 4.0?
	THE IMPORTANCE OF DEVELOPING THE “LEARNING FACTORY” AS A PREPARATION CONCEPT FOR THE DUAL EDUCATIONAL PROCESS ON THE PREMISES OF INDUSTRY 4.0?

	Milan Vesković
	Jasmina Ćurčić1
	Sandra Milunović Koprivica1
	THE IMPORTANCE OF BUSINESS INTELLIGENCE AND ITS APPLICATION IN PUBLIC PROCUREMENT
	ZNAČAJ POSLOVNE INTELIGENCIJE I NJENA PRIMENA U JAVNIM NABAVKAMA

	Dragan Nikolić
	Slavica Mitrović Veljković 
	Aleksandra Perić2
	DETERMINANTS OF THE DECISION-MAKING PROCESS IN A TERTIARY HEALTHCARE INSTITUTION 
	DETERMINANTE PROCESA DONOŠENJA ODLUKA U TERCIJARNOJ ZDRAVSTVENOJ USTANOVI

	Branislav Mašić
	Sandra Nešić
	Davor Nikolić
	IZAZOVI TEORIJE BIZNISA I MENADŽMENTA U DIGITALNOM DOBU
	THE CHALLENGES OF THE THEORY OF THE BUSINESS AND MANAGEMENT IN THE DIGITAL AGE

	Yasuhiro Iida
	Bojan Mrazovac1
	Yasuo Ishigure1
	Label Entropy with Similarity Graph Clique for Assessing Annotation Quality
	ENTROPIJA OZNAKA S GRAFIKONOM SLIČNOSTI KLIKA ZA PROCENU KVALITETA ANOTACIJA

	Zlatko Simikić
	Ognjen Rankić1
	Srećko Ilić1
	DIGITALNA TRANSFORMACIJA MARKETINGA U MEĐUNARODNOJ TRGOVINI KROZ TEHNOLOGIJE INDUSTRIJE 4.0
	DIGITAL TRANSFORMATION OF MARKETING IN INTERNATIONAL TRADE THROUGH INDUSTRY 4.0 TECHNOLOGIES

	Sanid Muhić
	Džafer Dautbegović
	Pametno upravljanje otpadom – Adaptivno upravljanje poslovnim procesima
	Smart Waste Management – ​​Adaptive Business Process Management

	Nevena Kapor
	Dragan Milovanović
	Milica Lopatić
	DIGITALE TRANSFORMATION ALS BESTANDTEIL DES STRATEGISCHEN MANAGEMENTS UND IHRE AUSWIRKUNGEN AUF DIE WETTBEWERBSFÄHIGKEIT DER ORGANISATION
	DIGITALNA TRANSFORMACIJA U FUNKCIJI STRATEGIJSKOG MENADŽMENTA I UTICAJ NA KONKURENTNOST ORGANIZACIJE

	Selma Dandić
	​MOGUĆNOSTI I PREPREKE ODRŽIVOG RAZVOJA ŽENSKOG PREDUZETNIŠTVA U BOSNI I HERCEGOVINI​
	OPPORTUNITIES AND BARRIERS TO SUSTAINABLE DEVELOPMENT OF WOMEN’S ENTREPRENEURSHIP IN BOSNIA AND HERZEGOVINA

	Nenad Pandurević
	EKONOMIJA DIGITALNE BEZBJEDNOSTI
	THE ECONOMICS OF CYBERSECURITY

	Mirjana Čeko
	UPRAVLJANJE LJUDSKIM KAPITALOM KROZ ETIČKU I KULTURNU TRANZICIJU U KONTEKSTU AUTOMATIZACIJE I VJEŠTAČKE INTELIGENCIJE
	HUMAN CAPITAL MANAGEMENT THROUGH ETHICAL AND CULTURAL TRANSITION IN THE CONTEXT OF AUTOMATION AND ARTIFICIAL INTELLIGENCE

	Lejla Škaljić
	ULOGA UMJETNE INTELIGENCIJE U TALENT MENADŽMENTU I RAZVOJU KARIJERE ZAPOSLENIKA U BOSNI I HERCEGOVINI
	THE ROLE OF ARTIFICIAL INTELLIGENCE IN TALENT MANAGEMENT AND EMPLOYEE CAREER DEVELOPMENT IN BOSNIA AND HERZEGOVINA

	Nataša Buzadžija
	UTICAJ UVOĐENJA IoT ZA PRAĆENJE ZALIHA U ERP SISTEM NA TROŠKOVE I EFIKASNOST MSP
	IMPACT OF IoT IMPLEMENTATION FOR INVENTORY TRACKING IN ERP SYSTEM ON COST AND EFFICIENCY OF SMEs

	Bojan Ј. Ćorluka
	KOMPARATIVNA ANALIZA PREDSTAVLJENIH I ISPUNJENIH OBEĆANJA POLITIČKIH PARTIJA NA VLASTI U GRADOVIMA SARAJEVO I ISTOČNO SARAJEVO SA POSEBNIM OSVRTOM NA KULTURNU DJELATNOST
	COMPARATIVE ANALYSIS OF THE PROMISES PRESENTED AND FULFILLED BY THE POLITICAL PARTIES IN POWER IN THE CITIES OF SARAJEVO AND EAST SARAJEVO WITH SPECIAL FOCUS ON CULTURAL ACTIVITIES

	Neven Šerić 
	Marica Melović
	Jovana Trifković
	POLUGE U KREIRANJU SPECIJALIZIRANOG TURISTIČKOG PROIZVODA: Lucius Artorius Castus/Kralj Arthur u Podstrani pored Splita 
	LEVERS IN CREATING A SPECIALIZED TOURIST PRODUCT: Lucius Artorius Castus/King Arthur in Podstrana near Split

	Ivana Veljović
	Marijana Seočanac1
	KAKO VEŠTAČKA INTELIGENCIJA TRANSFORMIŠE TURISTIČKU DELATNOST: PREGLED LITERATURE
	HOW ARTIFICIAL INTELLIGENCE IS TRANSFORMING THE TOURISM INDUSTRY: A LITERATURE REVIEW
	Acknowledgements

	Drago Cvijanović
	Aleksandra Vujko
	Bojana Ostojić
	Rural smart tourism and its impact on sustainable destination development
	Ruralni pametni turizam i njegov uticaj na održivi razvoj destinacije

	Marko Đogo
	Bojan Ćorluka
	Mladen Rebić
	Dragan Vojinović
	ISTRAŽIVANJE STAVOVA GRAĐANA ISTOČNOG SARAJEVA O RAZVOJU ODRŽIVOG TURIZMA U SARAJEVSKO-ROMANIJSKOJ REGIJI PRIMJENOM EVROPSKOG SISTEMA TURISTIČKIH INDIKATORA
	RESEARCH ON THE ATTITUDES OF EAST SARAJEVO CITIZENS ON THE DEVELOPMENT OF SUSTAINABLE TOURISM IN THE SARAJEVO-ROMANIA REGION USING THE EUROPEAN TOURISM INDICATORS SYSTEM

	Danijela Pantović
	Jovana Davidović
	Andrija Milutinović
	АНАЛИЗА ДИГИТАЛНОГ СТУБА ТУРИСТИЧКОГ ЕКОСИСТЕМА ИЗАБРАНИХ ЗЕМАЉА ЕВРОПЕ
	ANALYSIS OF THE DIGITAL PILLAR OF THE TOURISM ECOSYSTEM OF SELECTED EUROPEAN COUNTRIES

	Milica Bojat
	Aleksandar Gavrilović
	Mladen Rebić
	RAZVOJNI POTENCIJAL RURALNOG TURIZMA ODABRANIH LOKALNIH SAMOUPRAVA U ISTOČNOJ REPUBLICI SRPSKOJ
	DEVELOPMENT POTENTIAL OF RURAL TOURISM OF SELECTED LOCAL GOVERNMENTS IN THE EASTERN REPUBLIC OF SRPSKA

	Dajana Vukojević Ateljević
	Jovo Ateljević
	Turizam i vještačka inteligencija: konceptualno razumijevanje
	Tourism and Artificial Intelligence: Conceptual Understanding

	Nikola Nikolić
	Miljan Leković
	THE IMPACT OF VIDEO GAME GRAND THEFT AUTO V ON PRESENTATION AND PROMOTION OF LOS ANGELES AS A TOURIST DESTINATION
	UTICAJ VIDEO IGRE GRAND THEFT AUTO V NA PREZENTACIJU I PROMOCIJU LOS ANĐELESA KAO TURISTIČKE DESTINACIJE

	Vesna Boljević
	Mogućnost razvoja vinskog turizma na području Zagarača u opštini Danilovgrad
	The possibility of developing wine tourism in the area of ​​Zagarač in the municipality  Danilovgrad

	Vesna Lešević 
	ULOGA RASTA PREMIJA ŽIVOTNOG I NEŽIVOTNOG OSIGURANJA U EKONOMSKOM RASTU ZEMALJA EVROSPKE UNIJE: PANEL ARDL ANALIZA
	THE ROLE OF LIFE AND NON-LIFE INSURANCE PREMIUM GROWTH IN ECONOMIC GROWTH OF EUROPEAN UNION COUNTRIES: PANEL ARDL ANALYSIS

	Novo Plakalović
	Ljubiša Vladušić1
	PODRŠKA UMJETNE INTELIGENCIJE (AI) INVESTITORIMA NA TRŽIŠTIMA KRIPTOVALUTA 
	Artificial intelligence (AI) support for investors in the cryptocurrency market

	Miloš D. Lutovac
	Jelena Lutovac 
	Aleksandar Živković
	UTICAJ REALNOG FINANSIJSKOG VREDNOVANJA NA DONOŠENJE ODLUKA POSLOVNIH BANAKA U PROCESU ODOBRAVANJA KREDITA
	THE INFLUENCE OF REAL FINANCIAL VALUATION ON THE DECISION-MAKING OF COMMERCIAL BANKS IN THE LOAN ORIGINAL PROCESS

	Boško Mekinjić
	Dragana Vujičić-Stefanović1
	Digitalni trendovi u finansijama-izazovi za menadžment
	Digital Trends in Finance - Challenges for Management

	Марко Видаковић
	Примјена вјештачке интелигенције у савременом банкарству
	Use of Artificial Intelligence in Modern Banking

	Данијела Марковић
	КАМАТНЕ СТОПЕ КАО ФАКТОР ОДЛУЧИВАЊА У ИНВЕСТИЦИЈАМА У БОСНИ И ХЕРЦЕГОВИНИ 
	THE INTEREST RATES AS A DECISION-MAKING FACTOR IN INVESTMENTS IN BOSNIA AND HERZEGOVINA 
	sutdentski radovi


	Jelena Klačar
	UTICAJ INVESTICIJA NA BRUTO DOMAĆI PROIZVOD U BOSNI I HERCEGOVINI
	THE IMPACT OF INVESTMENT ON GROSS DOMESTIC PRODUCT IN BOSNIA AND HERZEGOVINA

	Jovana Remović
	UTICAJ INOVACIJA U ISTRAŽIVANJU I RAZVOJU NA PRIHODE ODABRANIH FIRMI AUTOMOBILSKE INDUSTRIJE
	THE IMPACT OF INNOVATIONS IN RESEARCH AND DEVELOPMENT ON THE REVENUES OF SELECTED COMPANIES IN THE CAR INDUSTRY

	Nikola Rabota
	Uticaj samozapošljavanja na BDP po stanovniku u zemljama u razvoju
	Effects of self-employment on GDP per capita in developing countries

	Дејан Пандуревић
	Повезаност страних директних инвестиција и привредног развоја у Босни и Херцеговини
	THE RELATIONSHIP OF FOREIGN DIRECT INVESTMENT TO ECONOMIC DEVELOPMENT IN BOSNIA AND HERZEGOVINA

	Александра Јововић
	УТИЦАЈ НЕЗАПОСЛЕНОСТИ НА РАСТ БДП-А У БОСНИ И ХЕРЦЕГОВИНИ
	IMPACT OF UNEMPLOYMENT ON GDP GROWTH IN BOSNIA AND HERZEGOVINA

	Jelena Prtvar 
	KONKURENTNOST, KVALITET I ZADOVOLJSTVO KUPACA U MESNOJ INDUSTRIJI
	Competitiveness, quality and customer satisfaction in the meat industry

	Милица Марковић
	ИНФЛАЦИЈА И НЕЗАПОСЛЕНОСТ У БОСНИ И ХЕРЦЕГОВИНИ
	INFLATION AND UNEMPLOYMENT IN BOSNIA AND HERZEGOVINA
	4. МЕТОДОЛОГИЈА ИСТРАЖИВАЊА И ПОДАЦИ

	Jovana Urta
	UTICAJ INFLACIJE NA MINIMALNE ZARADE ODABRANIH ZEMALJA SVIJETA I REGIONA
	THE EFFECT OF INFLATION ON THE MINIMUM EARNINGS OF SELECTED WORLD COUNTRIES AND REGIONS

	Branislava Elek
	UTICAJ NEJEDNAKOSTI NA EKONOMSKI RAST FEDERALNE REPUBLIKE NEMAČKE
	THE IMPACT OF INEQUALITY ON ECONOMIC GROWTH OF THE FEDERAL REPUBLIC OF GERMANY

	Nejc Podkoritnik
	Mateja Čuček1
	Marko Oljača1
	RAZVOJ OKVIRJA KLJUČNIH KAZALNIKOV ZADOVOLJSTVA ZAPOSLENIH V JAVNEM SEKTORJU
	DEVELOPMENT OF A FRAMEWORK OF KEY EMPLOYEE SATISFACTION INDICATORS IN THE PUBLIC SECTOR

	Saša Vulić
	Milica Vulić1
	UTICAJ DEEPSEEK-a NA INFORMACIONO KOMUNIKACIONO TRŽIŠTE
	DEEPSEEK’S IMPACT ON THE IT MARKET

	Matevž Pušlar1
	Tilen Koren
	ROBOTIZACIJA OBIRANJA IN SPRAVILA GROZDJA V VINOGRADIH
	ROBOTISATION OF GRAPE HARVESTING AND HARVESTING IN VINEYARDS


