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Abstract

Context. Active galactic nuclei (AGNs) and star-forming galaxies (SFGs) are the primary sources in the extragalactic radio sky. But it is difficult to distinguish the radio emission produced by AGNs from that by SFGs, especially when the radio sources are faint. Best et al. (2023, MNRAS, 523, 1729) classified the radio sources in LoTSS Deep Fields DR1 through multiwavelength SED fitting. With the classification results of them, we performed a supervised machine learning to distinguish radio AGNs and radio SFGs.

Aims. We aim to provide a supervised classifier to identify radio AGNs, which can get both high purity and completeness simultaneously, and can easily be applied to datasets of large-area surveys.

Methods. The classifications of Best et al. (2023, MNRAS, 523, 1729) were used as the true labels for supervised machine learning. With the cross-matched sample of LoTSS Deep Fields DR1, AllWISE, and Gaia DR3, the features of optical and mid-infrared magnitude and colors were applied to train the classifier. The performance of the classifier was evaluated mainly by the precision, recall, and F1 score of both AGNs and non-AGNs.

Results. By comparing the performance of six learning algorithms, CatBoost was chosen to construct the best classifier. The best classifier gets precision = 0.974, recall = 0.865, and F1 = 0.916 for AGNs, and precision = 0.936, recall = 0.988, and F1 = 0.961 for non-AGNs. After applying our classifier to the cross-matched sample of LoTSS DR2, AllWISE, and Gaia DR3, we obtained a sample of 49716 AGNs and 102261 non-AGNs. The reliability of these classification results was confirmed by comparing them with the spectroscopic classification of SDSS. The precision and recall of AGN sample can be as high as 94.2% and 92.3%, respectively. We also trained a model to identify radio excess sources. The F1 scores are 0.610 and 0.965 for sources with and without radio excess, respectively.
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1. Introduction
Active galactic nuclei (AGNs) and star-forming galaxies (SFGs) are the most primary populations of extragalactic radio sky (Padovani 2016). Both of them are important for understanding the evolution of galaxies and supermassive black holes across cosmic time (Magliocchetti 2022). Relativistic jets in AGNs are believed to be the most powerful extragalactic radio sources. Traditionally, these type of AGNs hosting powerful jets are classified as radio-loud (RL) AGNs, which are defined through the ratio of radio to optical emission (Kellermann et al. 1989). In the faint radio sky, SFGs become numerically dominant over RL and radio-quiet (RQ) AGNs (Padovani 2016; Best et al. 2023).
Radio morphology is the direct method of identifying AGN jets. Powerful radio lobes and jets can be observed in bright radio AGNs at a resolution of arcseconds (Blandford et al. 2019). Detections of radio cores or low-power jets, which might be ubiquitous in RQ AGNs (Ho 2008), usually require the usage of high-sensitivity very long baseline interference observations at milliarcsecond resolution (Ulvestad et al. 2005; Wang et al. 2023). In addition to radio morphology, other radio properties, such as radio spectra and brightness temperature, are helpful to distinguish radio emission from AGNs and SFGs (Panessa et al. 2019; Morabito et al. 2022). To estimate these properties accurately, resolving radio cores and other radio structures is also preferred. Due to the limited angular resolution, the majority of extragalactic radio sources are still unresolved1 in current large-area radio surveys (Shimwell et al. 2022). Thus, it is difficult to identify jetted AGNs in large datasets by the information from radio observations alone (Magliocchetti 2022). Radio excess is then employed to identify jetted AGNs. In the literature, radio excess sources can be identified based on the deviation from the radio/far-infrared (FIR) correlation (Bonzini et al. 2015), from the radio/mid-infrared (MIR) correlation (Yao et al. 2022; Fan 2024), or from the radio–star formation rate (SFR) correlation (Best et al. 2023).
Apart from radio excess, other multiwavelength features are available to separate RQ AGNs and SFGs. Optical spectroscopy and multiwavelength spectral energy distribution (SED) fitting are two widely used methods. Quasars, galaxies, or stars can be classified by template matching in spectroscopic surveys, such as SDSS (Bolton et al. 2012; Lyke et al. 2020). Active galactic nuclei in galaxies can then be classified by the so-called BPT diagram (Baldwin et al. 1981). Other useful spectroscopic features to identify radio AGNs include Hα luminosity and 4000 Å break strength, which depend on the SFR and specific SFR, respectively (Best & Heckman 2012). Galaxy SED fitting is a technique to fit the multiwavelength photometric data with physical models involving stellar populations and dust radiation, which can derive the properties of the host galaxies. For several fitting codes, the radiation from AGNs are also considered. Thus the fraction of AGN contribution to observed SEDs can be determined (see Pacifici et al. 2023; Best et al. 2023 and references therein). In addition, infrared colors, optical colors, and X-ray properties are also used to select AGN candidates (Padovani 2016; Magliocchetti 2022).
As a high-z and high-luminosity subsample of AGNs, quasars are expected to have zero parallaxes and proper motions. Astrometric measurement is thus useful to distinguish quasars from stars (Shu et al. 2019; Gaia Collaboration 2023a). The largest advantage of astrometry-based AGN classification is that it is unbiased for selecting obscured AGNs. Obscured AGNs, whose radiation from accretion disk is obscured by dust, would be missed in optical color selected AGN samples. To avoid the contamination from distant stars, the AGN candidates classified based on astrometric information still need confirmation by their radiation properties (Heintz et al. 2018).
In recent years, the machine learning technique has been applied to astronomical data more frequently (Ball & Brunner 2010; Ivezić et al. 2014; Feigelson et al. 2021; Fotopoulou 2024), such as classifications of astronomical objects (Richards et al. 2011; Lochner et al. 2016; Busca & Balland 2018; Kang et al. 2019; Lao et al. 2023), the estimation of physical parameters (Carliles et al. 2010; Glauch et al. 2022; Lin et al. 2023; Zeraatgari et al. 2024), and analyses of astronomical images (Kuntzer et al. 2016; Ma et al. 2019; Boucaud et al. 2020; Dai et al. 2023). Although there are many works focusing on AGN and quasar classifications, which can identify the features of AGNs from photometric (Clarke et al. 2020; Fu et al. 2024), spectroscopic (Busca & Balland 2018; Tardugno Poleo et al. 2023), image (Ma et al. 2019; Guo et al. 2022), or time series data (Faisst et al. 2019; McLaughlin et al. 2024), few machine-learning-based classifications are performed to distinguish radio AGNs from radio SFGs.
Karsten et al. (2023) performed a supervised classification for radio AGNs and radio SFGs based on the multiwavelength data from Kondapally et al. (2021), including deep surveys of radio, infrared, optical, and ultraviolet bands. The classification labels used for their training were taken from Best et al. (2023), which were obtained from SED fitting. For AGNs, their classifier got a precision of 0.87 and a recall of 0.78. They also attempted to train their classifier with different combinations of photometric bands. For the training with fewer bands, the performance for AGNs became worse. The precision and recall especially did not reach their highest values with the same training features. A high precision was derived when all the features including redshift were considered, while high recall was favored when redshift was excluded (their Table 5). Another limitation of their classifier is that the training sample focused on several small sky areas where the coverage of multiwavelength data is plentiful. Their training features from radio to ultraviolet bands are hard to collect for larger sky areas currently. Thus it is difficult for their classifier to predict classifications using new datasets of large-area surveys.
In this paper, we create a supervised machine-learning-based classifier to identify radio AGNs, with true labels from the results of the Low Frequency Array (LOFAR) Two-metre Sky Survey (LoTSS) Deep Fields first data release (DR1) (Tasse et al. 2021; Sabater et al. 2021; Best et al. 2023), and training features from large-area surveys, i.e., AllWISE (Cutri et al. 2021) and Gaia DR3 (Gaia Collaboration 2023b). Then we apply it to the cross-matched catalog of LoTSS DR2 (Shimwell et al. 2022), AllWISE, and Gaia DR3. The reliability of the classifier is independently examined by comparing with the spectroscopic classifications of the Sloan Digital Sky Survey (SDSS) DR17 (Abdurro’uf et al. 2022). Section 2 describes the datasets we use, as well the evaluation metrics for machine leaning. In Sect. 3 we present our classifier with best performance. The classification results applied to unclassified large-area surveys are also given. In Sect. 4 the dependence on different groups of features, the reliability of our classifier, and the performance in identifying radio excess sources are discussed. Section 5 summarizes our main conclusions.
2. Dataset and method
Best et al. (2023) collected deep multiwavelength data and applied SED fitting for 81951 radio sources of LoTSS Deep Fields DR1. LoTSS Deep Fields is a deep sky survey with 6″ resolution and a targeted noise level of 10 − 15 μJy beam−1 at about 150 MHz. It covers about 25 deg2 of the northern sky in its first data release, which contains three fields (ELAIS-N1, Boötes, and Lockman Hole) (Tasse et al. 2021; Sabater et al. 2021). For these fields, deep multiwavelength data from ultraviolet to FIR are plentiful (Kondapally et al. 2021). Using the multiwavelength photometric data, Best et al. (2023) applied four different codes (named MAGPHYS, BAGPIPGS, CIGALE, and AGNFITTER) to fit the SEDs of radio sources in LoTSS Deep Fields DR1. Two SED fitting codes, MAGPHYS and BAGPIPGS, only account for the emission from stars and dust inside the galaxies. Thus, they would show poor reliability when they were applied to fit AGNs. The other two, CIGALE and AGNFITTER, consider the extra emission from AGNs, and can determine the AGN fraction based on the contribution from torus. Combining the estimations of the AGN fraction and fitting reliability of the four codes, they separated the sources with and without AGN contributions to their SEDs, i.e., AGNs and non-AGNs.
The SFR can also be estimated by all the four SED fitting codes. In Best et al. (2023), they used the consensus value of the SFR to maximize the advantage of different codes. For AGNs, the SFR estimations by CIGALE were favored. The SFR estimations by AGNFITTER were used only when the fittings of CIGALE were considered to be unreliable. For non-AGNs, the mean SFRs of MAGPHYS and BAGPIPGS were used. Based on the consensus SFRs, Best et al. (2023) derived a relation between the radio luminosity and the SFRs, whereby the radio luminosities are expected from the SF activities. Then they identified radio excess sources through the offset to a large radio luminosity relative to this radio-SFR relation. Combining the classification of AGNs and radio excess sources, Best et al. (2023) classified radio sources into SFGs, RQ AGNs, low-excitation radio galaxies (LERGs), and high-excitation radio galaxies (HERGs) in LoTSS Deep Fields DR1. Sources with neither AGN contributions to their SEDs nor radio excess are classified as SFGs. Sources with AGN contributions but no radio excess are classified as RQ AGNs. Sources with radio excess can be divided into LERGs and HERGs based on the absence or presence of AGN SEDs, respectively. In this paper, we use the binary classifications of AGNs and non-AGNs2 in Best et al. (2023) as the labels to train the data.
To identify new radio AGNs with large datasets, we prefer to select the multiwavelength photometric data of large-area surveys as the features for training. Although ultraviolet, X-ray, and γ-ray observations are useful for AGN selection, the sensitivities and sample sizes of current surveys at these bands are still limited compared with those at low energy bands. Thus we only considered radio, infrared, and optical surveys to construct our samples for machine learning.
The Wide-field Infrared Survey Explorer (WISE) surveys the MIR sky at 3.4, 4.6, 12, and 22 μm (W1, W2, W3, and W4, respectively) (Wright et al. 2010). It has been suggested that AGNs are located at an unique region on the WISE color-color diagram due to the external contributions from torus, which prompts several AGN selection criteria based on WISE MIR colors (Jarrett et al. 2011; Stern et al. 2012; Mateos et al. 2012; Assef et al. 2013). Optical colors are also widely used to selected AGN/quasar candidates, which are bluer for AGNs than those for stars and normal galaxies due to radiation from the accretion disks of AGNs (Peterson 1997; Euclid Collaboration: Bisigello et al. 2024). SDSS is one of most famous optical surveys with both multiband imaging and spectroscopy. Its photometry is performed with five filters, u, g, r, i, and z (York et al. 2000). The Gaia space mission aims to measure the three-dimensional spatial distribution of billions of astronomical objects with high-accuracy astrometry and spectrophotometry (Gaia Collaboration 2016). Its third data release provides precise celestial positions, proper motions, parallaxes, and three-broadband photometry in G, BP, and RP for more than a billion sources across the entire sky (Gaia Collaboration 2023b).
To construct the sample for machine learning and collect multiband photometric data points as training features, we cross-matched LoTSS Deep Fields DR1 with AllWISE and Gaia DR3 with TOPCAT (Taylor 2005). The radii in the cross-matching were all set to 1″ to avoid spurious matches through this paper. After the cross-matching, we excluded the sources with no magnitude measurements of the W1, W2, W3, W4, G, BP, and RP bands3, as well as those with null values of magnitude errors in AllWISE. The later is for the 2σ detection of AllWISE4. This resulted in a sample with 1698 sources, which contains 594 AGNs, 1101 non-AGNs, 160 sources with radio excess, and 1491 sources without radio excess. This sample (hereafter the main sample) was used for the supervised machine learning, which includes the classification labels from Best et al. (2023), integrated radio flux density from LoTSS Deep Fields DR1, MIR photometric magnitudes of W1, W2, W3, and W4 from AllWISE, and magnitudes of G, BP, RP, and two astrometric parameters (proper motion and parallax) from Gaia DR3. Two astrometric features are only used when their importance is evaluated in Sect. 4.1.
The main sample with features and labels was then split into two parts. Seventy percent of sources were used as a training set, while the remaining thirty percent were taken as a test set. The classifier was trained on the training set, while the test set was used to evaluate the performance of the classifier. The performance of the classifier with machine learning can be evaluated by several metrics, such as accuracy, precision, recall, and F1 score. The accuracy score returns the fraction for which the predicted labels match the true labels. It is a simple indicator to evaluate the overall results of machine learning. Its value is dominated by the majority class when the numbers of the both classes are imbalanced. Precision presents the ability of the classifier to predict true labels of each class, and recall presents the ability of the classifier to find all the true labels of each class. Precision and recall correspond to the purity and completeness of a sample, respectively. The F1 score is the harmonic mean of precision and recall, whereby the relative contributions of precision and recall are equal. The definition of the above metric is as follows:
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where I(x) is the indicator function. When ytrue, i = yprediction, i it returns 1; otherwise, it returns 0. The TP, TN, FP, and FN refer to the number of true positives, true negatives, false positives, and false negatives, respectively.
In general, if two types of sources have overlapping parameter spaces, a classification criterion has difficulty achieving high purity and completeness simultaneously. Improving purity often means excluding more potential candidates, which reduces the completeness. On the contrary, improving completeness would result in candidates with low reliability being included. The machine learning technique may improve the situation with multidimensional features. In order to evaluate how the classifier addresses this issue, both precision and recall are presented in this paper. As a metric considering both precision and recall, the F1 score is the ideal indicator to evaluate the overall performance of a classifier. It was thus used to derive the optimal algorithms and hyperparameters. In addition, the sample of AGNs and non-AGNs in the main sample are imbalanced; thus, the metrics of both classes were taken into account individually, especially the minority sample, AGNs. Accuracy was only used to evaluate feature importance (see Sect. 4.1). The confusion matrix, whereby the numbers of true and false predictions for each class are visually presented, was also used to check the performance of our classifier. In the best-case scenario, the confusion matrix is expected to be purely diagonal, with nonzero elements on the diagonal, and zero elements otherwise (Baron 2019).
The receiver operating characteristic (ROC) curve, as well as the area under the curve (AUC) were applied to visually compare different algorithms of machine learning (Bradley 1997; Baron 2019). The Y axis and X axis of the ROC curve show the true positive rate (TPR) and the false positive rate (FPR), which correspond to recall of AGNs and 1 − recall of non-AGNs, respectively. A perfect machine learning model will get recall = 1 for both classes. That means AUC also equals 1.
3. Results of machine learning
3.1. The classifier with the best performance
The performance of a machine learning model can be affected by several factors, such as the datasets, the features of training, the learning algorithms, and the hyperparameters of the learning algorithms. We firstly compare the performance of six widely applied supervised machine learning algorithms with their default parameters, named support vector machines (SVC), multilayer perceptron (MLP), random forests (RF), AdaBoost, histogram-based gradient boosting (HGBT), and CatBoost. Then the hyperparameters of the optimal algorithm are tuned to determine the best classifier. The effects from datasets and training features are discussed in Sects. 4.1 and 4.2.
Among these six algorithms, SVC finds a hyperplane that best separates the given classes. Sources are classified according to their location with respect to the hyperplane (Baron 2019). MLP is a neural network, which can consist of multiple hidden nonlinear layers between the input and the output layer. The other four algorithms are ensemble models that combine the predictions of the base estimators in order to improve the performance over a single estimator. RF is a bagging ensemble method, whereby the ensemble consists of a diverse collection of base estimators that are independently trained on different subsets of the data. The other three, AdaBoost, HGBT, and CatBoost, are boosting ensembles in which the base estimators are built sequentially. AdaBoost improves the model performance by increasing the weights of the bad learned data, while HGBT and CatBoost do it by optimizing the gradient of the loss function. Different approaches are employed by HGBT and Catboost to overcome the disadvantage of gradient boosting algorithm. HGBT uses a histogram-based approach to speed up the training process on large datasets, while CatBoost can reduce overfitting through an efficient strategy to build a tree structure (Veronika Dorogush et al. 2018).
The six algorithms were run with scikit-learn5 (Pedregosa et al. 2011) and CatBoost6 (Prokhorenkova et al. 2017; Veronika Dorogush et al. 2018) in Python. The default hyperparameters of each algorithm are listed in Table 1. The training features include all the optical and MIR magnitudes and colors (W1mag, W2mag, W3mag, W4mag, W1 − W2, W2 − W3, W3 − W4, Gmag, BPmag, RPmag, BP − G, G − RP).
Table 1. 
Hyperparameters and model performance for different machine learning algorithms.

Table 1 lists the metrics evaluated from the test set of our main sample for each algorithm. Precision, recall, and the F1 score of AGNs and non-AGNs are presented separately. Generally, four ensemble algorithms perform better than SVM and MLP. CatBoost has the highest metrics among the three boosting algorithms. RF shows the best precision of the AGNs and recall of the non-AGNs. The biggest difference in the metrics comes from the recall and F1 score of AGNs. For both metrics, Catboost has the best performance. In addition, Catboost shows both the highest F1 score for AGNs and non-AGNs among the six algorithms. Thus, CatBoost is favored for constructing the best classifier.
Figure 1 shows the ROC curves of six algorithms, with the legend showing the AUC of them (Bradley 1997). All six algorithms get high TPRs when FPRs are low, which indicates that they all work well for our main sample. Among them, CatBoost and HGBT show the highest AUC. The accuracy of HGBT for the training set is 1, which may indicate an overfitting problem for it7. CatBoost is again favored by the ROC curve as the best algorithm for constructing the best classifier.
	[image: thumbnail]	Fig. 1. ROC curves of six different machine learning algorithms. The inset zooms in the region from 0 to 0.05 of FPR. The AUC of each algorithm is labeled in the legend.



To derive the best classifier, we employed the Bayesian optimization8 method to tune the hyperparameters of CatBoost. The hyperparameters and the parameter spaces used for the optimizer are listed in Table 1. The F1 score for AGNs was taken as the indicator to determine the optimal hyperparameter. The optimizer ran 100 iterations. The optimal F1 score is as high as 0.932. Other metrics and the optimal values of tuned hyperparameters are listed in Table 1.
After the hyperparameter tuning, we examined the stability of the model performance due to the random split of training and test sets. The splits of the training and test sets were randomly performed 500 times. Each time, the training set was trained by CatBoost with the optimal hyperparameters. F1 scores of both classes were then evaluated from the test set. The distributions of F1 scores for AGNs and non-AGNs are plotted in the top panel of Fig. 2. The average F1 scores for AGNs and non-AGNs are 0.905 ± 0.015 and 0.951 ± 0.008, respectively. The tuned optimal F1 score 0.932 lies at the high end of the distribution for AGNs. As a comparison, the distributions of F1 scores for CatBoost with default parameters are plotted on the bottom panel of Fig. 2. The average F1 scores are 0.910 ± 0.014 and 0.954 ± 0.007 for AGNs and non-AGNs, respectively. Small standard deviations in the F1 score distributions indicate that random splits of the training and test sets have little influence on the model training. However, the hyperparameter tuning might just select hyperparameters with a high F1 score by chance. The average F1 score derived with default hyperparameters is even better than that derived with tuned hyperparameters. Thus, in the following sections, we chose CatBoost with default hyperparameters as the best model.
	[image: thumbnail]	Fig. 2. Distribution of F1 scores for AGNs and non-AGNs with random splits of the training set and test set. The top panel was derived based on the training of CatBoost with tuned hyperparameters, while the bottom panel was derived based on the training of CatBoost with default hyperparameters.



The threshold of the classification was also tuned with TunedThresholdClassifierCV in scikit-learn, which was set as predict_proba for the binary classification in our case. TunedThresholdClassifierCV was carried out by maximizing a metric of the classifier. The F1 score for the AGNs was again taken as the score to determine the optimal threshold. Figure 3 shows the dependence of the F1 score on the classification threshold. When the threshold is 0.5, the F1 score reaches the highest value: 0.916. Thus, the default, predict_proba = 0.5, is used through this paper. Table 2 shows the confusion matrix of the test set for the best classifier.
	[image: thumbnail]	Fig. 3. Variation in F1 scores for AGNs along with classification thresholds. The model reaches the best F1 score 0.916 when the threshold is 0.5.



Table 2. 
Confusion matrix for test set of best classifier.

3.2. Application to unclassified large-area surveys
The features of our best classifier are all from AllWISE and Gaia DR3; thus, they can easily be applied to predict large samples of AGNs and non-AGNs. As we aim to identify radio AGNs, we need a large-area survey in the radio band. LoTSS DR2 uses the same high-band antenna observations of LOFAR with the LoTSS Deep field. It has a similar angular resolution but a wide sky area compared with the LoTSS Deep field, and will survey the entire northern sky in the future (Shimwell et al. 2017; Tasse et al. 2021; Shimwell et al. 2022). We cross-matched LoTSS DR2 with AllWISE and Gaia DR3 with 1″ separation. The obtained 151977 sources with all the training features in the cross-matched sample were classified by our best classifier (hereafter the prediction set). 49716 sources were classified as AGNs, and the remaining 102261 sources were classified as non-AGNs.
The WISE color-color diagram and radio/MIR excess are two of the most widely used methods of selecting radio AGNs (Hardcastle et al. 2025). In Fig. 4 the WISE color-color diagram and radio/MIR flux diagram9 of the prediction set are shown. The W3 flux density was converted from magnitude with the zero-magnitude flux density of 171.787 Jy (Jarrett et al. 2011). The predicted AGNs and non-AGN galaxies generally locate distinct regions on the WISE color-color diagram. The AGNs show a redder W1 − W2 than the non-AGNs, which follows the expectation of the emission from AGN torus. Non-AGNs occupy the regions from elliptical galaxies to SFGs (Jarrett et al. 2011).
	[image: thumbnail]	Fig. 4. Top panel: WISE color-color diagram for prediction set. The horizontal line presents the simple W1 − W2 criterion to select AGNs, while the gray density plots show the sources satisfying the criterion combining W1 − W2 color and W2mag (see the text for details). Bottom panel: Radio/MIR flux diagram for prediction set. The solid line shows the one-to-one correlation. The dashed line presents a division line to identify radio/MIR excess. For both panels, the orange contours represent AGNs. The levels of the contours are [10, 50, 100, 500, and 1000]. The blue contours represent non-AGNs. The levels of the contours are [10, 50, 100, 500, 1000, and 3000].



There are also fractional sources overlapping between AGNs and non-AGNs. Although a high completeness can be easy to achieve with a bluer W1 − W2 selection criterion, extra features besides WISE colors are needed to improve the reliability of AGN section. Assef et al. (2018) proposed two criteria to identify AGNs, which can reach a high reliability and high completeness, respectively. With the simple criterion of W1 − W2 > 0.5, they get 90% completeness of the AGN selection (C90 catalog). By combining W1 − W2 color and W2 brightness, the reliability can reach 90% (R90 catalog). For fainter sources with W2mag > 13.86, the criterion is W1 − W2 > 0.650 * exp(0.153 * (W2 − 13.86)2). For brighter sources with W2mag < 13.86, the criterion is W1 − W2 > 0.650. The C90 criterion is plotted with a horizontal black line in the top panel of Fig. 4. The AGNs classified with the R90 criterion in the prediction set are shown as the gray density plot. If the classification of our classifier is taken as the true label, the precision and recall of these two criteria in Assef et al. (2018) can be estimated. The results are shown in Table 3. As a comparison, the results for the main sample being treated as the true label are also shown. The high completeness of the C90 criterion is confirmed by the SED classification (0.891) and our classifier (0.949). The high precision of the R90 criterion for the main sample (0.936) and prediction set (0.908) indicates that our classifier can achieve a similar reliability in AGN selection with SED- and MIR-based classifications. Compared with the MIR-based criteria, our classifier can reduce the dilution of AGNs from ultraluminous infrared galaxies, and improve the completeness due to the AGNs with bluer W1 − W2 colors.
Table 3. 
Classification Performance of two MIR Color Based Criteria.

Non-AGNs in the bottom panel of Fig. 4 are located around the line where the radio flux density equals the W3 flux density, which is similar to the known SFGs of LoTSS DR2 (Fan 2024). Most of the AGNs also show a nearly equal radio flux density with the W3 flux density, while a small fraction of AGNs exhibit obvious radio excess. For radio sources with Ftotal < FW3 + 1.5 (dashed line in the bottom panel of Fig. 4), AGNs and non-AGNs are generally undistinguishable in this plot. This indicates that the AGN selection method through radio/MIR excess would only select strong jetted AGNs but miss most of the potential radio AGNs.
4. Discussions
4.1. Dependence on multiwavelength features
Figure 5 shows the importance of training features with the permutation feature importance method (Breiman 2001), which is defined through comparing the accuracy of the test sample by permuting the features. W1 − W2 is the most important feature to identify radio AGNs, which means that permuting W1 − W2 will lead to the biggest decrease in the accuracy of the classifier. This is expected as W1 − W2 is widely used solely to identify AGNs. Besides W1 − W2, other MIR colors (W2 − W3 and W3 − W4) are also more important than optical colors to the classifier. Optical and MIR magnitudes seem unimportant in identifying radio AGNs.
	[image: thumbnail]	Fig. 5. Importance rank with permutation feature importance method.



The performance with different combinations of optical/MIR magnitudes and colors are also compared through the metrics (precision, recall, and F1 score) of each class (Table 4). Again the differences of different combinations mainly focus on the recall and F1 score of AGNs. The performance if only MIR colors are considered is worse than that performed with MIR magnitudes. The performance improves when both MIR colors and MIR magnitudes are taken into account. Optical colors and magnitudes show a worse performance than MIR, even when MIR colors are combined with optical colors. Combining optical and MIR magnitudes achieves the second-best performance, which is next only to our best classifier, which utilizes all features.
Table 4. 
Performance for different combinations of training features.

The SED fitting methods classify AGNs mainly by identifying the features of the torus emission at IR (Best et al. 2023). It has also been suggested that the unique MIR colors of AGNs are caused by the torus emission at different redshifts (Assef et al. 2010). Thus MIR features are no doubt important for identifying AGNs in machine learning. On the other hand, optical colors tend to identify unobscured AGNs. Obscured AGNs, who would be missed by optical features, can still be selected by MIR features. These two reasons result in worse performances for optical features than those for MIR features.
In addition, we examined the performance of the classifier for several extra features, including the radio properties and astrometric parameters (Table 4). For radio properties, we considered both the integrated radio flux density and the ratio between the radio and MIR flux density. The performance confers no improvement for either feature. The recall of AGNs decreases slightly when radio features are added. Some objects have no measurement of parallax and proper motion in the main sample. After removing the sources without these two astrometric parameters, there are 574 sources left, including 455 AGNs and 116 non-AGNs. The AGNs dominate the counts of this subsample, and perform better than non-AGNs, unsurprisingly.
4.2. Reliability of the classifier
As was mentioned in Sect. 4.1, WISE colors are the most important for our best classifier. Thus we performed a similar learning on the cross-matched sample between LoTSS Deep Fields DR1 and AllWISE with only MIR features (W1mag, W2mag, W3mag, W4mag, W1 − W2, W2 − W3, and W3 − W4). The cross-matched sample contains 1429 AGNs and 5142 non-AGNs. The precision, recall, and F1 score for AGNs are 0.794, 0.776 and 0.785, respectively. The performance is much worse than that for the main sample with the same features (Table 4). Although the colors of Gaia and the astrometric parameters seem less important to the best classifier, the Gaia detection might change the distributions of features severely after the cross-match with Gaia DR3. To clarify whether this effect would affect our classification results, we performed two independent tests.
Firstly, we examined the reliability of the classification for the prediction set in Sect. 3.2. Apart from SED fitting, the optical spectroscopy can also be used to classify quasars, AGNs, SFGs, quiescent galaxies, and stars (Bolton et al. 2012; Lyke et al. 2020). Therefore, we used the classifications in SDSS DR17 to help us examine our classification results. Except for AGNs, SDSS classified sources as galaxies and stars based on their spectra10. When the spectroscopic objects in SDSS had a class of “QSO,” or a class of “GALAXY” and a subclass containing “AGN,” they were treated as AGNs. Other sources with a class of “GALAXY” were treated as galaxies. Stars are objects with “STAR” classifications. In SDSS DR17, there are 34050 AGNs, 38017 galaxies, and 99 stars in our prediction set.
Then we compared the classification of machine learning with that of SDSS spectroscopy for the common sources. Figure 6 shows a histogram of the prediction probability of our best classifier. The orange, blue, and gray lines represent AGNs, galaxies, and stars classified by SDSS, respectively. Most SDSS AGNs have AGN probabilities in the range from 0.9 to 1.0, while galaxies have low AGN probabilities (0.0–0.1). In Table 5, we list the confusion matrix of the prediction set, in which the SDSS classifications are treated as true labels. The purity of the AGN sample can be up to 94.2 percent, while the completeness is 92.3 percent.
	[image: thumbnail]	Fig. 6. Histogram of predicted probability of being an AGN for common sources of prediction set and SDSS DR17. The orange, blue, and gray lines represent AGNs, galaxies, and stars, respectively, which are classified by SDSS. The vertical line labels the critical probability (0.5) to distinguish AGNs and non-AGNs.



Table 5. 
Confusion matrix when compared with SDSS classifications.

In addition, we attempted to build similar distributions (e.g., average magnitudes) of the training features between the main sample and the cross-matched sample of LoTSS Deep Fields DR1 and AllWISE. The average W2mag of the main sample is 14.20, which is brighter than 15.09 of the cross-matched sample between LoTSS Deep Fields DR1 and AllWISE. We applied a simple brightness cut with W2mag < 14.511 to the cross-matched sample of LoTSS Deep Fields DR1 and AllWISE, which results in a sample of 505 AGNs and 1164 non-AGNs with average W2mag = 13.85. The proportion between AGNs and non-AGNs is similar to that of the main sample (594:1101). CatBoost was applied to model the MIR features of this new sample. The performance of the classifier becomes much better on this sample, with precision = 0.959, recall = 0.848, and F1 = 0.900 for AGNs.
We also applied a similar magnitude cut to the cross-matched sample between LoTSS Deep Fields DR1, AllWISE, and SDSS, which contains 1106 AGNs and 4413 non-AGNs. The limiting magnitude of the GaiaG band is about 21 (Gaia Collaboration 2016; Fabricius et al. 2021), which is about 2 mag brighter than that of the SDSS g band (York et al. 2000). The average g and W2 band magnitudes of the cross-matched sample between LoTSS Deep Fields DR1, AllWISE, and SDSS are 20.54 and 14.99, respectively. We applied a magnitude cut with gmag less than 1912, which results in the average g and W2 band magnitudes brightening to 18.04 and 13.94. With the training features of MIR and optical magnitudes and colors (W1mag, W2mag, W3mag, W4mag, W1 − W2, W2 − W3, W3 − W4, umag, gmag, rmag, imag, zmag, u − g, g − r, r − i, i − z), CatBoost was again applied to the samples before and after the magnitude cut. The precision, recall, and F1 score increase to 0.969, 0.816, and 0.886 for AGNs, compared with 0.922, 0.742, and 0.822 for the sample without the magnitude cut, respectively. As the sample is severely imbalanced after the magnitude cut (157 AGNs versus 980 non-AGNs), we applied the synthetic minority oversampling technique (SMOTE) to optimize the above model with a relatively balanced training sample. For an imbalanced dataset, the metrics would be dominated by the majority class. SMOTE handles this by over-sampling the minority class (Chawla et al. 2002). The number of AGNs and non-AGNs are set to 1200 and 2000, respectively. The F1 score for AGNs increases from 0.886 to 0.909 with precision = 0.897 and recall = 0.921.
The simple magnitude cut on the above two samples shows that the distributions of training features are important to construct a well-performed classifier. Cross-matching with Gaia DR3 achieves a similar effect by selecting bright sources. Although this may change the distributions of training features, our classifier is still proven to be robust through the comparison with the spectroscopic classification of SDSS.
4.3. Classification of radio excess sources
Radio excess sources, whose radio emission is believed to be dominated by jets of AGNs, are usually identified through the excess of the radio emission produced by SF activities (Bonzini et al. 2015; Best et al. 2023; Fan 2024). There have been few attempts in the literature to identify radio excess sources with machine learning (Carvajal et al. 2023). For the main sample, we performed supervised machine learning to identify radio excess sources. The true labels were also taken from Best et al. (2023), which were classified based on the SFR estimated from SED fitting. For training features, two extra radio features, Ftotal and Ftotal/FW3, were added together with optical and MIR magnitudes and colors. CatBoost with default parameters was applied for training. Compared with the AGN classifier, classifying radio excess sources is more difficult. The precision, recall, and F1 score of radio excess sources are 0.714, 0.532, and 0.610, while they are 0.952, 0.978, and 0.965 for sources without radio excess, respectively.
Carvajal et al. (2023) performed a machine-learning-based classification for radio AGNs with features of optical and MIR photometries. Their strategy was different from that in our work. Their model was trained to clarify whether an AGN can be radio-detected, while the AGN sample was also derived from a machine-learned-based classifier. Their performance for radio detection was also worse than that for classifying AGNs.
5. Conclusions
Distinguishing AGNs from SFGs in extragalactic radio sources is important to understand the AGN feedback and evolution of galaxies. Existing methods either need costly observations, such as spectroscopy, or cannot satisfy the requirement of purity and completeness simultaneously. In this paper, we provide a supervised AGN classifier based on several large-area surveys, i.e., the LoTSS Deep Field DR1, AllWISE, and Gaia DR3. The optical/MIR photometric data from Gaia DR3 and AllWISE were collected to train the model, while the AGN and non-AGN classifications based on SED fitting were treated as the true labels. To select the optimal learning algorithms, the F1 score and ROC curve were compared among six algorithms. Then the optimal hyperparameters of the best algorithm were determined through the hyperparameter tuning and the stability of model performance. Finally, CatBoost with its default hyperparameters was chosen to build the best classifier.
We also compared model performance for different training features and different datasets. The best performance is achieved when all the optical and MIR magnitude and colors are combined. Although MIR features appear to be more important than optical features, the model performance gets worse if only MIR features are considered. Including radio and astrometric features results in no improvement in the model performance. The performance with different cross-matched samples confirms that the distributions of train features can also affect the model performance. Uniform model performance can be obtained if the average magnitudes of different training samples are adjusted to be similar.
Our best classifier achieves both high purity and completeness in identifying AGNs, with precision = 0.974, recall = 0.865, and F1 = 0.916. Compared with AGN classification methods based on color-color diagram and radio/MIR excess, our classifier could improve the completeness by selecting AGNs with blue MIR colors and weak radio emission, and improve the purity by excluding non-AGNs with red MIR colors. This classifier was then applied to classify radio sources in the cross-matched sample of LoTSS DR2, AllWISE, and Gaia DR3. A sample of 49716 AGNs and 102261 non-AGNs was derived. The reliability of the machine-learning-based classification was verified by comparing it with the spectroscopic classification of SDSS DR17. The purity and completeness for AGN classification can be as high as 94.2 percent and 92.3 percent, respectively. With just the training features from AllWISE and Gaia, our classifier can easily be applied to select and analyze radio AGNs in other radio surveys.
We also built a classifier to identify radio excess sources. The performance is much worse than that for AGN classification, with precision = 0.714, recall = 0.532, and F1 = 0.610.


1 Hardcastle et al. (2023) presented redshift estimations for more than half of radio sources in LoTSS DR2. Combining the redshift and source extension information in Hardcastle et al. (2023), one can estimate the fraction of resolved radio sources for different redshift bins. The fraction decreases from 34%, 19% to 7% for the redshift bins [< 0.01], [0.01, 0.1] and [> 0.1], respectively.


2 Actually, both SFGs and LERGs are included in non-AGN sample. A four-class classifier should be more suitable to distinguish radio sources with different properties. However, LERGs (61) and HERGs (91) are few in the main sample. More importantly, the four-class can be exactly inferred combining AGN classification and radio excess classification. Thus building two binary class classifiers is also adequate. We will discuss the classifier on radio excess sources in Sect. 4.3.


3 Some of machine learning algorithms can handle null values, such as RF, HGBT and CatBoost. We apply the default mode for null values of CatBoost with the 3034 objects in the original cross-matching sample, where the missing values are processed as the minimum value. The performance of the classifier changes slightly compared with our best classifier (Sect. 3.1), with the F1 = 0.899 and 0.957 for AGNs and non-AGNs.


4 https://wise2.ipac.caltech.edu/docs/release/allwise/expsup/sec2_1a.html


5 https://scikit-learn.org/stable/index.html


6 https://catboost.ai/


7 Overfitting problem of HGBT can be reduced by enabling early stopping or by reducing the maximum number of iterations. With max_iter = 30, the accuracy for the training set decreases to 0.981. Meanwhile, a higher F1 score of 0.916 is derived, which is close to the results of CatBoost. As we just select the optimal algorithm with its default parameters, CatBoost is chosen to construct the best classifier in the following section.


8 https://github.com/bayesian-optimization/BayesianOptimization


9 The behaviors of the radio/MIR flux diagram for all four WISE bands are similar, except that the overall MIR flux density increases from W1 to W4 band. As MIR emission of W3 band is usually suggested to distinguish radio AGNs from radio SFGs (Fan 2024; Hardcastle et al. 2025), or as an indicator of SFRs (Cluver et al. 2017) in the literature, only the plot between radio and W3 flux density is shown in this paper.


10 https://www.sdss4.org/dr17/spectro/catalogs/


11 This criterion is firstly determined in order to match the average W2mag of the main sample. When the criterion is taken as 15.0, the average W2mag is 14.23, which is closest to 14.20 of the main sample. The classifier gets a F1 score 0.849 for AGNs. Then we attempt to maximize the F1 score. The criterion changes from 14.4 to 15.1 with a step of 0.1 mag. F1 score for AGNs shows the lowest value of 0.847 at 15.1 mag, and shows the highest value of 0.900 at 14.5 mag.


12 This criterion is determined to match the difference on the limiting magnitude between Gaia and SDSS surveys, which is about 2 magnitudes on the mean magnitude. For a criterion of 19.5, the average g band magnitude is 18.42, which is closest to target value of 18.54. The F1 score for AGNs is also maximized by changing the criterion from 18.5 to 20.0 with a step of 0.5 mag. The best F1 score is 0.886 for the criterion of 19.0, while the worst one is 0.756 for the criterion of 18.5.
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	[image: thumbnail]	Fig. 4. Top panel: WISE color-color diagram for prediction set. The horizontal line presents the simple W1 − W2 criterion to select AGNs, while the gray density plots show the sources satisfying the criterion combining W1 − W2 color and W2mag (see the text for details). Bottom panel: Radio/MIR flux diagram for prediction set. The solid line shows the one-to-one correlation. The dashed line presents a division line to identify radio/MIR excess. For both panels, the orange contours represent AGNs. The levels of the contours are [10, 50, 100, 500, and 1000]. The blue contours represent non-AGNs. The levels of the contours are [10, 50, 100, 500, 1000, and 3000].
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      Table 1. 

      Hyperparameters and model performance for different machine learning algorithms.

      
        


	Algorithm
	Hyperparameters
	AGN
	non-AGN



	precision
	recall
	F1 score
	precision
	recall
	F1 score





	SVC
	C = 1.0,  kernel = ′rbf′,
	0.976
	0.718
	0.827
	0.875
	0.991
	0.929



	gamma = ′scale′



	MLP
	solver = ′adam′, alpha = 0.0001,
	0.959
	0.829
	0.890
	0.920
	0.982
	0.950



	hidden_layer_sizes = (100, )



	RF
	n_estimators = 100,  max_features = ′sqrt′,
	0.986
	0.847
	0.911
	0.928
	0.994
	0.960



	max_samples = None,  min_samples_split = 2,



	bootstrap = True,  max_leaf_nodes = None,



	max_depth = None



	AdaBoost
	n_estimators = 50,  learning_rate = 1.0,
	0.947
	0.847
	0.894
	0.927
	0.976
	0.951



	estimator = None



	HGBT
	max_iter = 100, max_leaf_nodes = 31,
	0.973
	0.853
	0.909
	0.931
	0.988
	0.959



	max_depth = None, min_samples_leaf = 20,



	max_bins = 255, l2_refularization = 0.0,



	early_stopping = ′auto′



	CatBoost (default)
	iterations = 1000
	0.974
	0.865
	0.916
	0.936
	0.988
	0.961



	learning_rate = 0.01108,  depth = 6



	CatBoost (optimal)
	iterations = 184 (10, 2000)*
	0.981
	0.888
	0.932
	0.946
	0.991
	0.968



	learning_rate = 0.317 (0.001, 1)*,



	depth = 6 (1, 16)*





      

      
Notes. The lower and upper limits for hyperparameter tuning are presented in brackets.
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        ROC curves of six different machine learning algorithms. The inset zooms in the region from 0 to 0.05 of FPR. The AUC of each algorithm is labeled in the legend.

      

    

  
    
      Fig. 2. 
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        Distribution of F1 scores for AGNs and non-AGNs with random splits of the training set and test set. The top panel was derived based on the training of CatBoost with tuned hyperparameters, while the bottom panel was derived based on the training of CatBoost with default hyperparameters.

      

    

  
    
      Fig. 3. 
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        Variation in F1 scores for AGNs along with classification thresholds. The model reaches the best F1 score 0.916 when the threshold is 0.5.

      

    

  
    
      Table 2. 

      Confusion matrix for test set of best classifier.

      
        


	
	
	Predicted Labels



	
	




	
	
	AGN
	non-AGN
	recall



	




	True Labels
	AGN
	147
	23
	0.865



	non-AGN
	4
	335
	0.988



	precision
	0.974
	0.936
	





      

    

  
    
      Fig. 4. 

      
        [image: thumbnail]
      

      
        Top panel: WISE color-color diagram for prediction set. The horizontal line presents the simple W1 − W2 criterion to select AGNs, while the gray density plots show the sources satisfying the criterion combining W1 − W2 color and W2mag (see the text for details). Bottom panel: Radio/MIR flux diagram for prediction set. The solid line shows the one-to-one correlation. The dashed line presents a division line to identify radio/MIR excess. For both panels, the orange contours represent AGNs. The levels of the contours are [10, 50, 100, 500, and 1000]. The blue contours represent non-AGNs. The levels of the contours are [10, 50, 100, 500, 1000, and 3000].

      

    

  
    
      Table 3. 

      Classification Performance of two MIR Color Based Criteria.

      
        


	Metric
	Main sample
	Prediction set



	C90
	R90
	C90
	R90





	precision
	0.714
	0.936
	0.675
	0.908



	recall
	0.891
	0.759
	0.949
	0.855





      

    

  
    
      Fig. 5. 
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        Importance rank with permutation feature importance method.

      

    

  
    
      Table 4. 

      Performance for different combinations of training features.

      
        


	Features
	AGN
	non-AGN



	Precision
	Recall
	F1 score
	Precision
	Recall
	F1 score





	W1, W2, W3, W4
	0.978
	0.794
	0.877
	0.906
	0.991
	0.946



	W1 − W2, W2 − W3, W3 − W4
	0.943
	0.776
	0.852
	0.897
	0.976
	0.935



	W1, W2, W3, W4, W1 − W2, W2 − W3, W3 − W4
	0.965
	0.812
	0.882
	0.913
	0.985
	0.948



	G, BP, RP, BP − G, G − RP
	0.901
	0.747
	0.817
	0.883
	0.959
	0.919



	W1 − W2, W2 − W3, W3 − W4, BP − G, G − RP
	0.958
	0.812
	0.879
	0.912
	0.982
	0.946



	W1, W2, W3, W4, G, BP, RP
	0.966
	0.824
	0.889
	0.918
	0.985
	0.950



	W1, W2, W3, W4, W1 − W2, W2 − W3, W3 − W4,
	0.973
	0.853
	0.910
	0.931
	0.988
	0.959



	G, BP, RP, BP − G, G − RP, Ftotal



	W1, W2, W3, W4, W1 − W2, W2 − W3, W3 − W4,
	0.973
	0.841
	0.902
	0.925
	0.988
	0.956



	G, BP, RP, BP − G, G − RP, Ftotal/FW3



	W1, W2, W3, W4, W1 − W2, W2 − W3, W3 − W4,
	0.963
	0.949
	0.956
	0.816
	0.861
	0.838



	G, BP, RP, BP − G, G − RP, parallax, propermotion*





      

      
Notes. The number of AGNs and non-AGNs containing measurements of parallax and proper motion are 455 and 116, respectively.



    

  
    
      Fig. 6. 

      
        [image: thumbnail]
      

      
        Histogram of predicted probability of being an AGN for common sources of prediction set and SDSS DR17. The orange, blue, and gray lines represent AGNs, galaxies, and stars, respectively, which are classified by SDSS. The vertical line labels the critical probability (0.5) to distinguish AGNs and non-AGNs.

      

    

  
    
      Table 5. 

      Confusion matrix when compared with SDSS classifications.

      
        


	
	Predicted labels



	
	




	
	AGN
	non-AGN
	Recall



	




	True labels
	AGN
	31442
	2608
	0.923



	Galaxy
	1870
	36147
	0.951



	Star
	74
	25
	...



	precision
	0.942
	0.932





      

      
Notes. We ignored the number of stars when calculating the precision and recall of non-AGNs.
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