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Abstract
The Chinese Software Developer Network (CSDN) is one of the largest infor-
mation technology communities and service platforms in China. This paper
describes the user profiling for CSDN, an evaluation track of SMP Cup 2017.
It contains three tasks: (1) user document keyphrase extraction, (2) user tag-
ging and (3) user growth value prediction. In the first task, we treat keyphrase
extraction as a classification problem and train a Gradient-Boosting-Decision-
Tree model with comprehensive features. In the second task, to deal with class
imbalance and capture the interdependency between classes, we propose a two-
stage framework: (1) for each class, we train a binary classifier to model each
class against all of the other classes independently; (2) we feed the output of
the trained classifiers into a softmax classifier, tagging each user with multiple
labels. In the third task, we propose a comprehensive architecture to predict
user growth value. Our contributions in this paper are summarized as follows:
(1) we extract various types of features to identify the key factors in user value
growth; (2) we use the semi-supervised method and the stacking technique to
extend labeled data sets and increase the generality of the trained model, result-
ing in an impressive performance in our experiments. In the competition, we
achieved the first place out of 329 teams.
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ABSTRACT
The Chinese Software Developer Network (CSDN) is one of the largest infor-
mation technology communities and service platforms in China. This paper
describes our work on user profiling for CSDN, an evaluation track of SMP Cup
2017, which contains three tasks: (1) user document keyphrase extraction, (2)
user tagging, and (3) user growth value prediction.

For the first task, we treat keyphrase extraction as a classification problem and
train a Gradient Boosting Decision Tree model with comprehensive features.
In the second task, to address class imbalance and capture interdependencies
between classes, we propose a two-stage framework: (1) for each class, we train
a binary classifier to model each class against all others independently; (2) we
feed the outputs of these trained classifiers into a softmax classifier to tag each
user with multiple labels.

In the third task, we propose a comprehensive architecture to predict user
growth value. Our contributions are summarized as follows: (1) we extract vari-
ous types of features to identify key factors in user value growth; (2) we employ
semi-supervised methods and stacking techniques to extend labeled datasets
and increase the generality of the trained model, resulting in impressive exper-
imental performance. In the competition, we achieved first place out of 329
teams.

† Corresponding author: Huawei Shen (Email: shenhuawei@ict.ac.cn; ORCID:
0000-0002-1081-8119)
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1. INTRODUCTION
User profiling is essential for precise recommendation and personalized services
in the Internet era. This paper focuses on three key tasks of user profiling for the
Chinese Software Developer Network (CSDN), an evaluation track of SMP Cup
2017 [?]. CSDN is one of China’s largest information technology communities
and service platforms, with approximately 50 million registered users and over
100,000 users communicating and sharing knowledge daily via its Web forums
[?]. The three user profiling tasks for CSDN include user document keyphrase
extraction, user tagging, and user growth value prediction.

Keyphrase extraction aims to automatically extract the top k important phrases
that represent a document’s main idea. We employ a supervised method for
this task. First, we generate 301,076 candidate phrases for the entire corpus,
covering more than 90% of annotated keyphrases in the training set. Then
we extract statistical and semantic features from input examples and compare
their effectiveness. Finally, by incorporating both feature types, we achieve the
highest score among all competitors.

The second task involves labeling user interests, which presents several chal-
lenges. First, users may have multiple interests, which could be addressed by
creating several independent binary classifications. However, this approach fails
to consider correlations between interests. For instance, users labeled with“ma-
chine learning”are likely to also be interested in“deep learning.”Second, labeled
data are insufficient due to costly manual annotation, and models with too many
parameters may overfit. To address these challenges, we propose a two-phase
model. In the first phase, we formulate independent binary classifications to en-
code high-dimensional features into low-dimensional representations, with each
classifier predicting user label probabilities. In the second phase, we adopt a neu-
ral network with softmax loss to capture label correlations, using the first phase’
s probabilities as input. The labels corresponding to the highest probabilities
predicted by the neural network become the user’s final labels.

In Task 3, we predict user growth value in CSDN for the next year based on
their posts and behaviors. After formulating this as a regression problem, we ex-
plore various feature types to incorporate key factors driving user value growth.
Additionally, we introduce semi-supervised methods and stacking techniques
into our prediction architecture to overcome labeled data scarcity and enhance
model generality. Experimental results demonstrate that our proposed architec-
ture effectively predicts user growth value.

The remainder of this paper details our work for each task, with the final section
presenting conclusions and future work.
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2. KEYPHRASE EXTRACTION
Keyphrases are single or multi-word expressions that represent a document’s
main topics. They have proven useful in many areas, including information
retrieval [?], text summarization [?], text clustering [?], text categorization [?],
text indexing [?], and opinion mining [?]. Moreover, keyphrases help users
quickly grasp the main topics of a Web page [?].

2.1 Related Work

Keyphrase extraction methods can be divided into unsupervised and supervised
approaches. Both involve two steps: candidate phrase generation and selecting
the top k phrases.

Candidate phrase generation extracts a set of phrases or words using heuristic
rules. These rules should be: (1) general—not dependent solely on training data;
(2) high quality—the generated candidate set should include as many “label”
keyphrases from training data as possible; (3) minimal size—rules should avoid
spurious instances and keep candidate numbers manageable. Typical heuristic
rules include removing stop words [?], allowing n-grams appearing in Wikipedia
article titles as candidates [?], extracting noun phrases [?], and extracting n-
grams or noun phrases satisfying pre-defined lexico-syntactic patterns [?]. In
this paper, we generate candidate phrases using a frequency threshold rule.

Extracting top k keyphrases involves finding the most important phrases from
a document. Typical unsupervised methods include ranking-based approaches
like TF-IDF and TextRank [?], and clustering-based methods. TF-IDF reflects
phrase importance to a document within a collection. TextRank extends the
PageRank algorithm [?], a graph-based ranking method originally used for Web
pages. TextRank’s premise is that a candidate’s importance depends on its re-
lationships with other candidates—more related candidates increase importance,
and connections to important candidates further boost importance. Researchers
have computed relatedness using co-occurrence counts [?] and semantic related-
ness [?], applying TextRank to generate top k keyphrases [?].

For supervised methods, feature design and modeling are crucial. Berend and
Farkas [?] developed the SZTERGAK system to extract features, categoriz-
ing them into standard, phrase-level, document-level, corpus-level, and external
knowledge-based features. While effective, additional features remain to be dis-
covered, such as semantic embedding features for phrases and documents.

Keyphrase extraction is treated as a binary classification task. The modeling
goal is to train a classifier determining whether a candidate phrase is a keyphrase,
using annotated keyphrases as positive examples and other candidates as nega-
tive examples. Researchers have experimented with various learning algorithms,
including naïve Bayes [?], decision trees [?], maximum entropy [?], multi-layer
perceptron [?], and support vector machines [?]. Gradient boosting is a ma-
chine learning technique for regression and classification, and eXtreme Gradient
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Boosting (XGBoost) is an optimized distributed gradient boosting library de-
signed for efficiency, flexibility, and portability [?]. For our keyphrase extraction
task, we choose XGBoost, with inputs being features of <doc, phrase> pairs,
where doc represents a document and phrase is a candidate extracted from it.

2.2 Candidate Phrase Generation

In the SMP Cup 2017 keyphrase extraction task, organizers provided 1,022
documents with five annotated keyphrases each. These annotated keyphrases
served as positive examples, while other candidates were negative examples.

2.2.1 Procedure Existing candidate phrase generation methods work well
for English documents but are unsuitable for Chinese documents due to Chi-
nese word segmentation challenges. Moreover, annotated keyphrase formats in
the training set are highly diverse: single Chinese characters, Chinese phrases
(mostly 2-7 characters), English words, English phrases, mixed English-Chinese
phrases, and even English phrases with special characters like c++, node.js, and
utf-8. This diversity significantly increases candidate generation difficulty.

To address these challenges, we adopt a heuristic procedure to automatically
generate candidate phrases [Figure 1: see original paper]:

1. Use the total 1 million documents as a corpus.
2. Extract Chinese content from each document.
3. Use Jieba’s seg-for-search-engine mode to obtain Chinese phrase segmen-

tation results.
4. Extract Chinese phrases with 2-7 characters.
5. Filter phrases from step 4 using phrase frequency.
6. Traverse the corpus to extract English phrases or combination phrases

(English words + Chinese characters from step 5), ordering by frequency
to generate non-Chinese format candidates.

7. Combine candidate phrases from steps 5 and 6.

Since most keyphrases in the training set and corpus are Chinese, we handle
Chinese and English phrases separately in step 2. For Chinese phrases, the
challenge is balancing candidate phrase quantity with training set annotated
keyphrase coverage. Initially, using Jieba alone included only a small proportion
of annotated keyphrases. Extracting all possible 2-7 character phrases caused
explosive growth. A heuristic rule states that a Chinese phrase’s minimum unit
is a word, not a character. Therefore, we use Jieba’s seg-for-search-engine mode
to extract all possible words and their positions, then construct all possible 2-7
character phrases (steps 3-4). In step 5, we calculate phrase frequency across the
corpus and use high-frequency phrases as Chinese candidates. We then traverse
the corpus again to extract English-only and combination phrases. Finally, we
merge all candidates from steps 5 and 6.
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2.2.2 Results We extract 301,076 candidate phrases total. Phrases with spe-
cial characters are excluded due to their abundance in the corpus. Since our doc-
ument volume is small, we extract special-character phrases per document. We
generate 239,405 training examples from 1,022 training documents and 233,580
validation examples from 1,022 validation documents. Table 1 shows the rela-
tionship between candidate phrases in training and validation examples. Our
candidates cover over 90% of annotated keyphrases. Differences between rows
1 and 2 stem from data noise—some annotated keyphrases don’t exist in their
documents. “Not in candidate phrases”examples in rows 2 and 3 are phrases
with special characters.

2.3 Features

2.3.1 Statistical Features Following Berend and Farkas [?], we categorize
statistical features into four groups: phrase-level, document-level, corpus-level,
and external knowledge-based features.

Phrase-level features. We generate 31-dimensional features based on phrase
length and format: Chinese/English phrases, phrases containing special charac-
ters, special character locations, noun presence, counts of Chinese characters, let-
ters, or special characters, subset relationships with other candidates (if phrase
A is a subset of B, B is A’s super-phrase), etc.

Document-level features. These are calculated from candidate phrases and
their documents. Intuitive features include phrase frequency, title appearance,
and location features. We also include features of the document and sentence
containing a candidate. Another important type involves relationships between
candidates and generated document results. For example, we analyze top 10
keywords, top 10 keyphrases, and top 3 key sentences using TextRank, calculat-
ing whether a candidate appears in these results. We compute 27-dimensional
document-level features total.

Corpus-level features. We extract four features: phrase frequency in the
entire corpus, TF-IDF value, IDF value, and total titles containing the phrase.

External knowledge-based features. We use Wikipedia and Baidu
Encyclopedia entry data, extracting four features: whether a candidate is a
Wikipedia/Baidu Encyclopedia entry, and whether it has a super-phrase that
is such an entry.

2.3.2 Semantic Features Semantic features refer to word embedding fea-
tures. In this task, we extract candidate phrase embedding vectors, embedding
vector statistics, and distance features between candidates and their documents.
The main procedures are:

1. Generate embedding vectors for every corpus word. We use two open-
source libraries: word2vec and GloVe. While GloVe focuses on global
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information, word2vec emphasizes local information. Dimension is an im-
portant hyper-parameter; we set it to 128 and 256, generating four em-
bedding vector types per word.

2. Generate phrase and document embedding vectors. We represent candi-
date phrase and document vectors by summing their constituent word
embeddings. These vectors can be normalized.

3. Calculate distance and distribution features. Since document titles often
contain main ideas, we use title embedding vectors (instead of full docu-
ment vectors) to calculate candidate distance features: cosine similarity,
Cityblock distance, Jaccard coefficient, Canberra distance, Euclidean dis-
tance, Minkowski distance, Bray-Curtis distance, and word mover’s dis-
tance [?]. Distribution features reflect embedding vector distributions in
titles; we calculate skewness and kurtosis as distribution features.

2.4 Experimental Results

We extract 66-dimensional statistical features and 400-dimensional semantic
features. Comparing both feature types using XGBoost with parameters eta =
0.03, max_{depth} = 8, subsample = 0.8, colsample_{bytree} = 1.0, alpha =
0, lambda = 1, and gamma = 0, we obtain validation set performance shown in
Table 2 .

Table 2 shows statistical features outperform semantic features. Combining
both significantly enhances performance, indicating semantic features contain
complementary information. Using combined features as model input yields the
best scores on both validation and test sets.

3. USER TAGGING
Labeling user interests in our dataset is challenging for two main reasons: (1)
users may have multiple interests, and (2) labeled users are insufficient. To
address these, we propose a two-phase model for user labeling.

3.1 Related Work

Boutell et al. [?] proposed binary relevance, which independently trains one bi-
nary classifier per label. For unseen instance x, labels with probabilities beyond
the threshold are assigned. However, this ignores label correlations. Read et
al. [?] leveraged correlations through classifier chains, forming a chain of binary
classifiers where prior results become features for subsequent models. Unfortu-
nately, this method doesn’t scale well with large label spaces. Another approach
uses neural networks with softmax loss, assigning the top r probability labels to
users. However, with small training sets, high-dimensional features likely cause
overfitting.
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3.2 Problem Formulation

Let D_{train} = {(U1, L1), (U2, L2), ⋯, (U_N, L_N)} denote the training
set containing |D_{train}| = N users, and D_{test} = {(U1, L1), (U2, L2), ⋯,
(U_M, L_M)} denote the test set containing |D_{test}| = M users, where U_i
= (U_{i1}, U_{i2}, ⋯, U_{id}) represents d features of user U_i, and L_i =
(L_{i1}, L_{i2}, ⋯, L_{ir}) denotes r labels per user. Let LS = {ls1, ls2, ⋯,
ls_k} denote the label space containing k labels, where for (U_i, L_i), L_i � LS.
Table 3 summarizes the notations. For simplicity, we denote both D_{train}
and D_{test} as D. We define our problem’s input and output as:

Input: A set of N users in D_{train} with corresponding r labels.

Output: Assign r labels from LS to M users in D_{test}.

3.3 Two-Phase Model

Section 3.2 formulates user labeling as a multi-label classification problem, where
we tag each user from a given label space. Unlike traditional multi-label clas-
sification where sample label counts vary, our task requires assigning the same
number of labels per user. This section addresses both insufficient samples and
label correlations.

Figure 2 [Figure 2: see original paper] illustrates our two-phase model frame-
work. The first phase involves independent binary classifications (dark rectan-
gles), and the second phase a neural network (light rectangles). In phase one,
we formulate each label as a binary classification problem, obtaining k classi-
fiers after training. In phase two, we train a neural network using phase one’s
predicted probabilities as input, with softmax as the loss function. Finally, the
r labels with highest probabilities are selected as user interests.

3.3.1 Independent Binary Classifications We transform the training and
test sets as follows: for ls_i in label space LS, if ls_i � L_j for (U_j, L_j)
in D, {(U_j, 1)} is a training sample for label ls_i; otherwise {(U_j, 0)} is
a training sample. Denoting D̂_i as training samples for label ls_i, we train
k binary classifications independently on D̂_i. We leverage bagging to reduce
generalization errors.

Bagging strategy. We randomly divide D̂_i into c folds, using continuous c-1
folds for training and the remaining 1 fold for validation, yielding c classifiers
for D̂i. After training, we learn k × c classifiers, where k is the label space size
and c is classifiers per label. When predicting unlabeled users in D{test}, user
features are fed to c classifiers per label, and the mean of predicted probabilities
becomes input for phase two.

3.3.2 Softmax Classification Labels corresponding to the highest r proba-
bilities from independent binary classifications could be assigned heuristically,
but this has two weaknesses. First, probabilities from different labels aren’t
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comparable—a higher probability may not indicate a true user label since models
differ. Second, label relevance (a strong prior) isn’t considered.

Our phase two model addresses these weaknesses with a neural network us-
ing softmax loss. Figure 3 [Figure 3: see original paper] shows the three-layer
architecture. The input layer contains r units with probabilities from indepen-
dent binary classifiers; the output layer contains r units. The hidden layer uses
dropout to avoid overfitting. Softmax loss is defined as:

f(P, L) = ⋯

where P_i is the probability of user i’s labels predicted by previous classification,
and L_i is the ground truth. Similarly:

f(P, L) = L × log(P)

We also adopt bagging to reduce generalization loss. When predicting unlabeled
users, labels with highest probabilities become the user’s labels.

3.4 Experiments

3.4.1 Data Collection Given blog content, user behaviors, and struc-
tural/chatting relationships between CSDN users, we must tag each user with
three labels from a 42-label space (e.g., machine learning, Web development).
Table 4 summarizes the data collection statistics.

Table 4. Statistics of data sets.

Metric Volume
#blogs 1,000,000
#record of posting 1,000,000
#record of browsing 3,536,444
#record of commenting 182,273
#record of voting up 95,668
#record of voting down 9,326
#record of favorite 104,723
#structure relationship 667,037
#chatting relationship 46,572
#users in training set 1,055
#users in test set 1,055

Note: “Voting up”means users click a“like”button, while“voting down”means
users click a “dislike”button.

3.4.2 Feature Definition Content features prove most helpful, based on the
intuition that users with similar interests tend to interact with similar blogs
through posting, browsing, commenting, favoriting, voting down, and voting
up.
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Doc2Vec [27]. Doc2vec is an unsupervised algorithm learning fixed-length
feature representations from variable-length text pieces, embedding documents
into distributed vectors. We believe users associated with similar blogs have
similar interests. User features are defined as blog representations across six
behavior types (browse, post, comment, add favorites, vote down, vote up).
In our experiments, blogs are represented by 200-dimensional vectors, yielding
1,200-dimensional user vectors (200 dimensions × six behavior types).

3.4.3 Evaluation Metrics and Baselines We evaluate our model using the
following metric:

score = ⋯

where M is dataset cardinality, L_i* are predicted labels and L_i are ground
truth. For each user, the score is 1, 2/3, or 1/3 if 3, 2, or 1 label(s) are predicted
correctly. Higher scores indicate better performance.

We compare the following user labeling methods:

• Top r labels (TL): Tags each user with the r most popular labels in the
training set (r = 3 in our dataset).

• Independent binary classifications (IBC): Our model’s first phase,
tagging unlabeled users with labels corresponding to the highest r proba-
bilities from independent binary classifications.

• Softmax classification (SC): Our model’s second phase, using features
from Section 3.4.2 (instead of probabilities) with a softmax neural network,
assigning top r labels to each user.

3.4.4 Performance Analysis Experiments on the Section 3.4.1 dataset use
a test set of 1,055 users. Table 5 shows our method outperforms others. Since
IBC doesn’t consider label correlations, probabilities from independent classifiers
aren’t comparable, while our model’s second phase captures these correlations.
SC has far more parameters than training samples, causing overfitting.

Table 5. Comparison of method scores.

Method Score
Our method value
TL value
IBC value
SC value

Note: TL: top r labels, IBC: independent binary classifications, SC: Softmax
classification.
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4. USER GROWTH VALUE PREDICTION
This task requires predicting user growth value for the next year based on past
posts and behaviors. Each user’s growth value is normalized to [0,1], where 0
represents user loss.

4.1 Architecture

User growth value prediction can be formalized as a typical regression task:
given feature x_i containing statistics of user i’s behaviors and posts, predict
future growth value y_i. Figure 4 [Figure 4: see original paper] shows our
architecture, consisting of a features layer, primary model, and model ensemble.

4.2 Features

4.2.1 Statistics of User Behaviors Frequency of behavior. We count
behaviors triggered by a user during a period (e.g., one quarter): number of
posts published, viewed, commented on, collected, voted up/down, private mes-
sages received/sent. These features reflect user activity and have been used in
customer lifetime value prediction [?].

Change of behavior frequency. We calculate behavior frequency changes,
particularly subtracting last two quarters’post frequency from the last quarter’
s frequency.

The last active time. We identify the most recent time for each behavior type
(writing posts, commenting, viewing). These features also reflect user activity.

Proportion of behavior types. We calculate each behavior type’s proportion
over all behaviors during a period (e.g., one quarter). These features character-
ize user preferences (e.g., preferring writing over browsing).

Number of retweeted posts. We distinguish original posts from retweeted
posts using the MinHash algorithm [?], assuming similar posts make the oldest
original and others retweeted. We calculate a 64-byte hash per post, using the
first 16 bytes as a key to avoid comparing all pairs. We count original posts
published per quarter as a feature reflecting user quality and creativity.

User points in the past year. We calculate user points based on CSDN’s
published point rules, reflecting user quality.

4.2.2 Statistics of Documents Length of documents. We calculate av-
erage length and variance of documents written by a user, reflecting document
characteristics.

Feedback received by documents. We count behaviors (browsing, comment-
ing, voting up/down) and feedback received for a user’s posts during a period
(e.g., one quarter), reflecting document quality.
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4.2.3 Representation of User-Document We extract information from
user-document interaction matrices, constructing six types: browse, comment,
vote-up, vote-down, collection, and all-behaviors matrices. Elements represent
behavior frequency during the past year. We decompose these matrices using
non-negative matrix factorization (NMF) [?] and use user representations as
features, reflecting behavioral similarity in a transformed space.

4.2.4 Representation of User-User Matrix factorization. Similar to
user-document representation, we construct following-relation and private-
message matrices, decomposing them with NMF and using user vectors as
features.

PageRank. We construct a user-user interaction network reflecting influence:
if user A browses user B’s article, an edge likely exists from A to B. We run
PageRank [?] on this network to calculate each user’s importance.

4.3 Primary Model

We adopt four significantly different primary models: Multi-layer Perceptron
(MLP), Support Vector Regression (SVR), XGBoost, and Random Forest. For
each, we employ sampling to maintain generality (Figure 5 [Figure 5: see original
paper]). After sampling k features K times and n samples N times, we obtain N
× K different training datasets per model, yielding N × K trained models. Final
predictions combine all N × K results using median bagging. Below we describe
each model and its performance, with evaluation score defined in Equation (6):

score = ⋯

where v_i is true user growth value, v_i* is predicted value, and N is the number
of users to predict.

4.3.1 Multi-Layer Perceptron (MLP) Using TensorFlow [?], we easily
modify the optimized loss to match the evaluation score. With only 1,000
samples risking overfitting, our MLP contains only input and output layers,
achieving a prediction score of 0.736. To ensure feature effectiveness, we cal-
culate each feature’s weight variance across N × K trained models, filtering
out high-variance features (average weight/variance > 30%), assuming these are
ineffective. Preserving 41 features improves the final score to 0.752 (Table 6 ),
a significant improvement.

4.3.2 Support Vector Regression (SVR) Since the evaluation score lacks
a second-order derivative, the remaining three models cannot optimize directly
toward it. We adopt an approximated loss function:

log(v_i) - log(v_i*)

where v_i is true growth value and v_i* is predicted value. SVR [?] calculates
loss only when |v_i - v_i*| > �, with � as a manually adjusted hyper-parameter.
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Grid search yields optimal parameters and a prediction score of 0.754 (Table 6),
similar to MLP performance.

4.3.3 XGBoost XGBoost [?] is an optimized Gradient Boosting Decision
Tree variant, much faster than traditional versions. Grid search finds optimal
hyper-parameters, reaching a score of 0.750.

4.3.4 Random Forest Random Forest regression combines many decision
trees, averaging their results as final output [?]. Grid search yields optimal
hyper-parameters and a prediction score of 0.737. This model’s less competitive
performance may stem from its complexity, making parameter tuning difficult.

4.4 Model Ensemble

With only 1,000 labeled samples, we face significant learning challenges. We
propose two solutions: semi-supervised regression to extend labeled samples,
and stacking to ensure model generality.

4.4.1 Semi-Supervised Regression Following co-training principles for re-
gression [?, ?], we select the two best models (MLP and SVR) to extend labeled
samples. Algorithm 1 describes our semi-supervised regression approach. We set
maximum iterations T = 500 and cache pool capacity K = 200. However, semi-
supervised regression is slow, averaging 10 added labeled samples per day. Due
to time constraints, we extend the dataset to only 1,066 labeled samples. Both
MLP and SVR performance improve slightly, with evaluation scores increasing
by 0.001 each (Table 6).

4.4.2 Stacking Stacking [?] is an ensemble learning method combining pri-
mary models for more robust results. We use four single models (MLP, SVR,
Random Forest, XGBoost) plus semi-supervised regression versions of MLP and
SVR as primary models. We train another SVR on these models’outputs as
features. The final stacked model achieves the best performance, reaching a
prediction score of 0.764.

5. CONCLUSIONS AND FUTURE WORK
This paper describes our work for the User Profiling Technology Evaluation Cam-
paign in SMP Cup 2017. For keyphrase extraction, we treat it as a classification
problem and use XGBoost to predict top three keyphrases, achieving the best
participant score. For user tagging, our two-phase model addresses two chal-
lenges: phase one’s independent binary classifications encode high-dimensional
features into low-dimensional representations supervisedly, with fewer param-
eters than traditional softmax classifiers to avoid overfitting given insufficient
labeled data; phase two’s neural network with softmax loss assigns most likely
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labels, implicitly modeling label correlations and making independent classifier
probabilities comparable. For user growth value prediction, we overcome train-
ing data scarcity through semi-supervised regression and stacking. Experiments
demonstrate our framework’s effectiveness, achieving 0.764 accuracy.

Future work will further improve user profiling performance. For keyphrase
extraction, we will consider state-of-the-art document representation models
(e.g., LSTM, hierarchical attention) to extract more features. For user tagging,
we will explicitly exploit class structures (e.g., label taxonomy) to improve multi-
label classification. For user growth value prediction, point process methods can
capture user growth value characteristics over time.
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