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Semi—Supervised Feature Selection Algorithm for Open—World
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Abstract Existing semi-supervised learning methodologies typically operate under the closed-
world assumption, wherein category information remains static throughout the learning process;
that 1s, the labeled data utilized for model training encompasses all categories. However, this
assumption frequently proves challenging to satisfy in practical applications. The unlabeled data
often contain a substantial number of samples that belong to unknown classes. Consequently,
researchers have identified a highly demanding research avenue in recent years: extending semi-
supervised learning to enable not only the accurate identification of unlabeled data samples from
known classes but also the discovery and learning of new, previously unknown classes, thereby

establishing a semi-supervised learning framework for open-world scenarios. To tackle this
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challenge, this paper introduces a semi-supervised feature selection algorithm tailored for open-
world scenarios based on categorical data (OpenSSFS). This algorithm integrates coupled
learning into the similarity measurement of categorical samples and the relevance analysis of
classes relationships, thereby establishing a novel similarity metric and a new class correlation
metric. Based on these metrics, the new algorithm systematically constructs three core modules in
sequence. The first one is an adaptive pseudo-label generation algorithm for unlabeled known-
class data. The second one focuses on granulation and the discovery of novel classes within
unlabeled data of unknown categories. And the final one presented is a feature selection algorithm
based on classes relevance analysis. For a given open-world dataset, the first step involves
computing the feature selection results for the known-class data samples, assigning pseudo-labels
to the unlabeled known-class samples using the pseudo-label generation algorithm, and updating
the feature selection results by incorporating all the known-class samples. In the second step, new
classes within the unlabeled samples of the unknown class are identified, and the feature selection
results based on new classes are computed. Finally, by integrating the effective feature subsets
from both the known-class and unknown-class samples, the final feature selection outcome is
determined. To further validate the effectiveness of the new algorithm proposed in this paper, an
open world data environment is simulated in the experimental analysis. The new algorithm is
tested and evaluated on the same dataset with varying proportions of known and unknown classes
as well as different ratios of labeled and unlabeled samples. The experimental results indicate that
the OpenSSFS algorithm has demonstrated excellent classification performance in various
scenarios. Firstly, on a dataset comprising 50% known classes and 50% unknown classes, with
50% labeled samples, the new algorithm achieves a classification accuracy improvement of up to
nearly 70%, demonstrating significantly superior performance compared to other contrast
algorithms. Secondly, as the proportion of labeled samples is reduced from 90% to 10%, the
performance of the new algorithm not only surpasses that of other algorithms but also maintains
stability without any significant deterioration, thereby demonstrating its considerable robustness.
Finally, the experimental findings regarding different proportions of known and unknown classes
reveal that, even when there are only a few known classes, the new algorithm can still
demonstrate excellent performance and handle more open task scenarios effectively. Furthermore,
the experimental analysis carried out an analysis and discussion on the parameter threshold values

set within the new algorithm.
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No T Datasets Instances  Features  Class
1 S Soybean-small 47 35 4
2 S 700 101 16 7
3 S Dermatology 366 34 6
4 D Lung cancer 33 56 3
5 D MPE 1080 80 8
6 D MIC 1700 111 8
7 D Lymphoma 96 4026 9
8 D Nci9 60 9712 9
9 S/C  Soybean-large 307 35 19
10 L/C Letter 20 000 16 26
11 L/C Krkopt 28 056 6 18
12 L 19sat. trn 4420 35 6
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[ RFIE BERE T (FSCIDPE AR LB . S T 1A
FRIESEBELS SR 0 40 JS M RR AR B A T IUA 5 F
HLARF 2 43 AR 3 DU B A5 3] A R i e 45
SEIR ATV 430 S A R AL (SVMD L AR T
4 (NBC) . B HL £ Ak (RandomForest) 1 5 5
(C4.5) . TEMHEAN b R f A 20l 48 W 25 5 43

UL 2~ 9, Hirp 3 2~3 5 )R 3L T 78 C M2 s
FEASI 50 Y0 BIAEA AR ICHEAS AR B SE g0 25 51 5
6~ 9 1Y S50 45 SR & 2 TAE C KRB R FE A
ol E 10260 1 4E AR S A i R AS 4R 1Y S 0 45

R 2~ 9 Known /R 78 O MR B FEAS L1 45
NG B2, Novel FRTEAR FIEEARAEA 10 7 K
JE AR TE A B AEAS B 70 2R

R2 ETSVMHINEBELRLER (G0 FRILF)
OpenSSFS FSCL Relief-F FSIG FSMI
o Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All
1 100 100 100 85.00 75.00 80.00 85.00 75.00 80.00 100.00 60.00 80.00 86.67 33.33 60.00
2 100 81.66 90.83 84.19 77.63 80.91 89.43 60.57 75.00 95.33 86.33 90.83 95.95 85.71 90.83
3 100 90.36 95.18 100 76.34 88.17 85.02 81.82 83.42 98.59 61.41 80.00 81.27 87.83 84.55
4 64.44  68.90 66.67 52.76 58.36 55.56 32.07 45.71 38.89 33.33 44.45 38.89 38.07 39.71 38.89
5 100 92.74 96.37 95.41 89.77 92.59 93.04 90.28 91.66 79.27 80.51 79.89 84.19 76.33 80.26
6 53.23 46.01 49.62 43.96 43.08 43.52 58.18 28.34 43.26 45.36  35.48 40.42 52.38 28.36 40.42
7 64.23 70.67 67.45 46.67 73.33 60.00 45.00 75.00 60.00 46.27 70.33 58.30 33.33 86.67 60.00
8 34.12  10.32 22.22 17.07 16.27 16.67 17.79 15.55 16.67 14. 25 7.97 11.11 17.11 5.11  11.11
9 69.24 58.88 64.06 63.62 60.06 61.84 65.15 54.01 59.58 67.51 51.11 59.31 56.11 53.61 54.86
10 88.64 87.62 88.13 89.90 82.84 86.37 89.77 85.09 87.43 99.78 83.48 86.63 89.73 83.77 86.75
11 52.57 44.43 48.50 40.09 53.19 46.64 34.97 28.13 31.55 22.08 29.54 25.81 34.19 40.07 37.13
12 79.10 73.10 76.10 79.69 68.87 74.28 67.22 79.88 73.55 70.27 79.65 74.96 68.63 83.11 75.87
&3 ET Naive Bayes B9 EAEE LLE LR (5020 Fric %)
OpenSSFS FSCL Relief-F FSIG FSMI
o Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All
1 100 100 100 100 86.66 93.33 100  86.66 93.33 100  60.00 80.00 70.01 63.33 66.67
2 97.63 90.71 94.17 88.87 86.29 87.58 83.34 85.00 84.17 85.83 70.83 78.33 90.91 59.09 75.00
3 100 94.54 97.27 85.65 94.27 89.96 82.73 79.09 80.91 61.82 83.64 72.73 74.76 90.70 82.73
4 83.34 100 91.67 76.19 90.47 83.33 34.92 42.86 38.89 34.92 42.86 38.89 34.92 42.86 38.89
5 100 98.06  99.03 100 92.92 96.46 92.18 88.04 90.11 92.64 87.04 89.84 92.41 88.39 90.40
6 67.74 18.38 43.06 34.64 48.42 41.53 40.00 31.12 35.56 23.32 18.06 20.69 22.38 19.00 20.69
7 95.27 91.39 93.33 90.74 88.52 89.63 91.07 88.19 89.63 84.23 80.95 82.59 88.98 82.14 85.56
8 44.10 22.56 33.33 33.33 22.23 27.78 33.33 22.23 27.78 29.19 15.25 22.22 20.20 13.14 16.67
9 74.31 69.67 71.99 68.89 61.35 65.12 68.89 54.73 61.81 58.64 48.58 53.61 53.92 53.58 53.75
10 65.20 64.30 64.75 61.82 61.54 61.68 61.57 48.89 55.23 61.11 55.73 58.42 62.16 52.88 57.52
11 22.22  26.38 24.30 20.87 24.47 22.67 33.60 8.98 21.29 18.68 21.24 19.96 15.51 28.39 21.95
12 61.91 64.33 63.12 61.18 54.66 57.92 57.32 49.46 53.39 42.09 49.31 45.70 50.16 66.56 58.36
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F4 ETF RandomForest 15 KAEE LB R (500 Fric %)
OpenSSFS FSCL Relief-F FSIG FSMI

Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All

100 100 100 100 100 100 100 100 100 100 100 100 83.33 63.33 73.33

100 95.00 97.50 91.13 90.09 90.61 86.54 95.12 90.83 100  81.66 90.83 100  81.66 90.83

100 90.90 95.45 86.36 93.02 89.69 77.08 93.82 85.45 83.24 65.86 74.55 79.74 83.90 81.82
63.88 75.00 69.44 41.17 58.83 50.00 32.07 45.71 38.89 33.33 27.79 30.56 21.12 40.00 30.56

100 99.66 99.83 100  98.14 99.07 100  98.16 99.08 97.12 87.42 92.27 92.79 92.39 92.59
48.39 47.45 47.92 35.13 46.15 40.64 38.87 31.69 35.28 39.11 38.39 38.75 43.60 34.74 39.17
71.25 79.13 75.19 67.91 67.65 67.78 69.68 66.62 68.15 52.95 61.13 57.04 57.78 63.70 60.74
48.25 29.53 38.89 39.12 16.44 27.78 35.72 19.84 27.78 25.00 19.44 22.22 22.71 21.73 22.22
90.17 73.89 82.03 88.79 70.91 79.85 80.23 76.71 78.47 88.57 62.55 75.56 78.89 71.97 75.42
10 96.23 89.77 93.00 95.43 88.13 91.78 95.73 89.73 92.73 100  84.70 92.35 100  85.06 92.53
11 73.46 65.92 69.69 59.94 48.18 54.06 39.78 19.60 29.69 23.81 29.65 26.73 39.54 56.10 47.82
12 69.67 83.73 76.70 79.34 69.98 74.66 73.68 66.16 69.92 61.22 85.38 73.30 79.61 70.61 75.11

(S I e O N

© o NN O

RS ETFCLSHAEBELLBERGOY L)
OpenSSFS FSCL Relief-F FSIG FSMI

No Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All
1 100 100 100 97.77 88.89 93.33 95.00 78.34 86.67 73.34 100  86.67 86.67 33.33 60.00
2 100 95.00 97.50 85.71 91.57 93.64 75.00 100  87.50 95.65 72.69 84.17 97.22 77.78 87.50
3 100 96.36 98.18 92.32 87.66 89.99 75.46 86.36 80.91 98.59 59.59 79.09 70.35 87.83 79.09
4 63.88 75.00 69.44 49.44 45.00 47.22 35.77 42.01 38.89 42.78 35.00 38.89 31.43 40.79 36.11
5 100 96.42 98.21 97.32 93.44 95.38 98.04 93.32 95.68 86.32 83.94 85.13 85.73 84.63 85.18
6 33.87 25.29 29.58 24.93 29.23 27.08 33.64 18.02 25.83 29.45 36.67 33.06 32.43 18.95 25.69
7 69.78 73.92 71.85 55.83 59.73 57.78 54.69 60.13 57.41 49.96 44.12 47.04 55.24 52.16 53.70
8 51.11 37.77 44.44 44.87 32.91 38.89 42.63 35.15 38.89 40.17 26.49 33.33 38.83 16.73 27.78

Ne)

88.11 64.69 76.40 75.56 68.58 72.07 88.23 53.71 70.97 78.57 71.99 75.28 78.89 75.83 77.36
10 87.78 76.16 81.97 85.66 73.84 79.75 89.73 74.01 81.87 88.14 76.72 82.43 99.83 63.27 81.55
11 79.53 58.97 69.25 69.75 56.43 63.09 37.24 17.22 27.23 33.17 17.01 25.09 36.16 48.08 42.12
12 66.20 75.58 70.89 70.34 65.70 68.02 76.67 55.53 66.10 76.35 69.19 72.77 60.33 76.77 68.55

F6 ETFSVMBISRBELLBRER (0% L)

OpenSSFS FSCL Relief—F FSIG FSMI

Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All

93.33 66.67 80.00 85.00 75.00 80.00 85.00 75.00 80.00 100  60.00 80.00 56.45 63.55 60.00
85.70 77.64 81.67 78.33 76.83 77.58 75.00 61.66 68.33 91.30 83.70 87.50 100  75.00 87.50
97.17 90.65 93.91 86.07 76.67 81.37 78.39 71.61 75.00 75.05 69.59 72.32 89.09 69.09 79.09
57.14 65.08 61.11 39.27 55.17 47.22 23.33 37.79 30.56 17.38 38.18 27.78 21.11 40.01 30.56
96.12 93.38 94.75 93.54 90.42 91.98 90.07 88.33 89.20 51.04 69.38 60.21 54.61 68.19 61.40
44.71 43.27 43.99 36.95 43.89 40.42 37.51 43.33 40.42 37.23 41.11 39.17 41.90 38.94 40.42
51.55 59.31 55.43 46.85 62.79 54.82 50.81 59.33 55.07 40.00 60.00 50.00 33.33 66.67 50.00
26.27 7.07 16.67 14.96 7.26 11.11 12.97 9.25 11.11 15.00 7.22 11.11 18.43 3.79 11.11
56.08 71.88 63.98 60.12 63.18 61.65 65.07 53.23 59.17 58.57 44.21 51.39 55.48 50.00 52.92
10 88.24 87.82 88.03 84.23 88.41 86.32 89.50 85.30 87.40 62.08 56.18 59.13 88.07 71.09 79.58
11 52.18 44.58 48.38 51.18 42.06 46.62 22.46 24.16 23.31 24.44 23.90 24.17 27.14 28.04 27.59
12 73.11 78.77 75.94 81.80 64.62 73.21 73.38 70.06 71.72 71.05 76.01 73.53 87.17 63.81 75.49
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%7 E T Naive Bayes (I EBEILBER(10% Hric %)
OpenSSFS FSCL Relief-F FSIG FSMI

Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All

100 86.66 93.33 100  86.66 93.33 85.00 75.00 80.00 100  60.00 80.00 56.45 63.55 60.00

100 81.66 90.83 93.48 75.00 84.24 89.16 67.50 78.33 58.26 51.74 55.00 78.57 71.43 75.00

100 94.54 97.27 90.02 86.36 88.19 81.21 73.33 77.27 71.17 56.11 63.64 79.84 56.52 68.18
63.88 75.00 69.44 47.66 69.00 58.33 23.33 37.79 30.56 25.71 35.41 30.56 30.00 25.56 27.78
98.76 94.66 96.71 88.09 94.65 91.37 86.23 92.89 89.56 78.17 79.87 79.02 87.59 71.05 79.32
43.11 39.35 41.23 58.04 23.08 40.56 31.95 33.33 32.64 13.51 20.11 16.81 22.38 19.00 20.69
94.12 85.88 90.00 87.43 85.09 86.26 87.73 84.13 85.93 80.17 76.27 78.22 80.98 78.48 79.73
37.26 18.30 27.78 31.40 13.04 22.22 30.53 13.91 22.22 29.19 15.25 22.22 20.20 13.14 16.67
72.45 71.39 71.92 69.97 55.71 62.84 58.59 51.13 54.86 52.86 32.42 42.64 50.27 41.67 45.97
10 66.17 62.99 64.58 52.52 66.82 59.67 50.18 60.08 55.13 55.08 20.82 37.95 58.14 48.66 53.40
11 17.14 31.42 24.28 20.74 24.48 22.61 18.09 22.97 20.53 31.48 6.8 19.17 24.17 16.03 20.10
12 67.98 58.12 63.05 61.61 48.79 55.20 41.79 56.47 49.13 34.68 35.16 34.92 61.05 53.59 57.32
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%8 ETF RandomForest {5 KEE LB ER (1020 Fric )
OpenSSFS FSCL Relief-F FSIG FSMI

No Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All

100 100 100 100 100 100 100 100 100 100 100 100 54.33 79.01 66.67

100 81.66 90.83 81.22 100 90.61 81.66 100  90.83 95.65 79.35 87.50 85.22 89.78 87.50
96.36 87.28 91.82 73.24 88.44 80.84 85.31 60.15 72.73 65.94 57.70 61.82 77.32 64.50 70.91
48.42 57.14 52.78 33.33 50.01 41.67 26.37 51.41 38.89 25.71 35.41 30.56 30.17 30.95 30.56

100 98.42 99.21 98.14 96.52 97.33 99.17 97.75 98.46 93.33 89.97 91.65 90.48 90.34 90.41
45.15 40.97 43.06 40.00 36.06 38.03 27.23 43.33 35.28 29.73 33.61 31.67 41.00 34.56 37.78
67.44 73.44 70.44 65.14 56.42 60.78 64.07 60.11 62.09 50.69 55.97 53.33 54.96 60.44 57.70
42.76  23.90 33.33 36.67 14.91 25.79 34.50 18.18 26.34 24.44 20.00 22.22 22.71 21.73 22.22

100 61.84 80.92 81.49 71.53 76.51 78.15 72.41 75.28 78.89 71.51 75.28 73.62 50.00 61.81
10 100 85.86 92.93 100  83.00 91.50 100  85.20 92.60 68.35 63.91 66.13 89.74 87.26 88.50
11 69.97 68.87 69.42 47.93 39.93 43.93 14.51 25.13 19.82 37.35 13.11 25.23 28.66 38.92 33.79
12 71.60 81.80 76.70 72.37 68.35 70.36 52.47 82.35 67.41 76.46 68.18 72.32 66.23 77.21 71.72
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R9 ETCASHHEBELLLRER 1020 HRILH)
OpenSSFS FSCL Relief-F FSIG FSMI

Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All Seen  Novel All

100 86.66 93.33 86.66 86.68 86.67 95.00 78.34 86.67 85.98 87.36 86.67 27.69 52.31 40.00
86.92 94.74 90.83 85.24 89.30 87.27 77.43 90.91 84.17 84.55 83.79 84.17 94.71 80.29 87.50

100 94.54 97.27 91.89 82.53 87.21 79.17 75.37 77.27 66.37 80.91 73.64 85.52 70.84 78.18
49.83 55.73 52.78 39.16 44.18 41.67 23.33 37.79 30.56 35.71 19.35 27.78 30.56 25.00 27.78
98.44 93.82 96.13 97.06 89.08 93.07 98.81 88.79 93.80 86.17 83.61 84.89 89.42 80.86 85.14
34.71 16.95 25.83 18.00 25.62 21.81 11.35 26.71 19.03 24.44 21.94 23.19 27.78 18.88 23.33
59.32 63.34 61.48 52.40 55.00 53.70 53.14 55.00 54.07 44.44 47.42 45.93 52.33 40.27 46.30
42.32 35.46 38.89 34.56 21.00 27.78 26.57 17.87 22.22 25.21 19.23 22.22 22.69 21.75 22.22
83.54 64.74 74.14 61.86 72.86 67.36 68.38 62.18 65.28 77.73 65.61 71.67 69.16 50.00 59.58
10 91.23 71.93 81.58 87.3 71.64 79.47 88.38 74.36 81.37 70.78 57.86 64.32 80.93 79.67 80.30
11 60.00 78.18 69.09 66.68 59.42 63.05 6.54 26.54 16.54 13.42 33.62 23.52 35.25 20.49 27.87
12 69.90 70.68 70.29 66.38 68.62 67.50 63.87 66.01 64.94 63.83 81.59 72.71 67.21 68.85 68.03
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establishing an  open-world  semi-supervised  learning
framework. To tackle this challenge, this paper introduces a
semi-supervised feature selection algorithm tailored for open-
world scenarios based on symbolic data (OpenSSFS). The
algorithm incorporates coupled learning into the measurement of
symbolic sample similarity and category relevance analysis, and
subsequently constructs an adaptive pseudo-label generation
algorithm for unlabeled known-class data, a granulation and
novel class discovery algorithm for unlabeled unknown-class
data, as well as a feature selection algorithm based on category

relevance.



