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Abstract
Understanding the internal mechanisms of deep neural networks
remains a central challenge in the field of Explainable Artificial
Intelligence (XAI). With the rapid advancement of neural archi-
tectures in natural language processing (NLP), analyzing the role
of hidden neurons in capturing and processing linguistic features
has become increasingly important. This study investigates Hid-
den Neuron Activation Analysis on labeled text data to reveal how
individual neurons contribute to a model’s decision-making pro-
cess. We propose a model-agnostic explainability framework for
text classifiers that identifies concepts activating specific neurons
involved in classification. An LSTM-based network is trained on
the AG News topic classification dataset, comprising four distinct
classes, and the final Dense layer with 64 neurons was analyzed.
In addition, statistical analyses like the Mann-Whitney U Test is
conducted to assess the robustness and reliability of the system.
The statistical analysis shows that, concepts plays important role
in the decision making process of neural network. Our findings
enhance interpretability in NLP models and offer a foundation for
optimizing neural architectures in text classification tasks.

CCS Concepts
• Computing methodologies → Information extraction;
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1 Introduction
Deep neural networks have revolutionized the field of NLP by
achieving remarkable performance across a wide range of tasks
including sentiment analysis, machine translation, and text classifi-
cation. Despite their success, these deep learning solutions are often
criticized for their "black box" nature, where the internal decision-
making processes remain largely opaque. This lack of transparency
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has become a significant barrier to their adoption in sensitive do-
mains such as healthcare, law, and finance. As a result, the field
of Explainable Artificial Intelligence (XAI) has gained much spot-
light in recent years, aiming to make deep learning models more
interpretable and trustworthy [6, 33]. Traditional deep learning
evaluations rely on statistical metrics, which often fail to explain
specific model behaviors [7]. In contrast, concept-based XAI offers
more intuitive, human-aligned explanations by mapping internal
representations to discrete, interpretable units such as sentiment or
linguistic roles [12, 23]. These models enable transparent reasoning
by aligning neuron activations with semantically meaningful con-
cepts. Notably, research has shown that even without supervision,
hidden neurons can spontaneously encode human-interpretable
concepts [4, 11]. In this study, we explore Hidden Neuron Analysis
in text classification tasks to uncover the functional roles of indi-
vidual neurons in trained NLP models. Our aim is to bridge the gap
between performance and interpretability by identifying patterns
or concepts associated with specific class-label activations.

2 Related Works
There have been many works in the domain of XAI for image
data, particularly in computer vision. Techniques such as saliency
maps (e.g., Grad-CAM [27], LRP [21]), feature attribution(e.g., SHAP
[17]), feature visualization [31], and concept attribution methods
[9] have been widely used to identify which regions or visual fea-
tures contribute most to a model’s decision. In a work by Bau et al.,
they introduced network dissection to interpret convolutional neu-
rons as detectors of human-understandable visual concepts such
as textures and objects [5]. Similarly, concept-based approaches
like TCAV [12] have provided intuitive explanations by quantifying
the influence of user-defined concepts on model predictions. How-
ever, these methods have dependency on user-defined concepts
and susceptibility to biased classifiers. Another work used concept
induction method [13, 14] to generate explanations of an image
classifier [8]. They used a Wikipedia-derived concept hierarchy
[26] with approximately 2 million classes as background knowl-
edge and ECII heuristic concept induction system [25]. Barua et al.
used a somewhat similar framework of concept induction on image
data but eliminated the use of Wikipedia background knowledge
and instead used LLM prompting for generating concepts [3]. They
found concepts from GPT-4 are more comprehensible to human
compared to those generated by ECII.

XAI has also been applied to several studies on tabular data
[24]. DeepLIFT, introduced by Shrikumar et al., explains neural net-
work predictions on tabular data by assigning feature importance
scores via Backpropagation [28]. Mollas et al. proposed a method
for interpreting random forests using unsupervised learning and
a "6-models clustering" algorithm to simplify decision paths [20].
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Lundberg et al. developed Tree SHAP, an extension of SHAP for
tree-based models, which computes exact Shapley values by lever-
aging the tree structure [16], though it can be computationally
intensive. SHAP has also been applied to interpretable models like
logistic regression [10, 29].

These methods have helped bridge the gap between model inter-
pretability and human understanding in vision and tabular tasks
and have motivated the application of similar ideas in the NLP
domain. In the NLP domain, there are only a few works and most of
them used SHAP or variations of it like, KernelSHAP, DeepSHAP,
TreeSHAP [22]. Li et al. visualized hidden layer embeddings as
heatmaps and t-SNE plots to analyze how a deep learning model
handles Negation (e.g., “not good” vs. “not bad”), Intensification (e.g.,
“very good”), Clause composition (e.g., “I like it, but it’s boring”) [15].
The proposed methods offer initial insights but are limited in cap-
turing the full complexity and nonlinearity of deep neural network
behavior. Yeh et al. developed a concept based explanation method
named ConceptSHAP, that does not require human-labeled con-
cepts as they are discovered automatically from the model’s internal
activations using unsupervised learning [30]. However, the auto-
matically discovered concepts are not always aligned with human-
understandable semantics. Saliency maps methods like Grad-CAM
and LRP were originally developed for image models, but have
been adapted for analyzing DL-based text classifiers by attributing
relevance to input tokens [2]. But these methods are only applicable
to a CNN model with fixed pre-trained word embeddings.

In our study, we have developed a model-agnostic XAI pipeline
for deep learning-based text classifiers that learns concepts from
the given samples automatically based on the activation of the last
dense layer of the model1.

3 Methodology
This section covers the whole methodological workflow that we
have conducted in our study. Fig. 1 shows the overall workflow and
we will go through each steps of it. The workflow is inspired from
the work by Dalal et al [8].

Figure 1: Workflow for generating concepts from text data.

Labeled Text Dataset: For the labeled text dataset we used the
AG News Topic Classification dataset [32] consisting of 4 classes
and a total of 127,600 data samples. Table 1 shows the distribution
of the dataset. Some samples of the dataset are shown in Appendix
A Table 5.

1Source code and result files are available online at https://github.com/avishek-
018/text_hna

Table 1: Distribution of AGNews Topic Classification dataset.

Class Training Samples Testing Samples
World 30,000 1,900
Sports 30,000 1,900
Business 30,000 1,900
Sci/Tech 30,000 1,900
Total 120,000 7,600

Trained DL model: We trained some popular and widely used
deep learning models for the text classification like LSTM, BiLSTM,
1D CNN. The results on the test data are represented in Table 2 and
we can see LSTM performed better. We kept the number of layers
and hyperparameters same for all of the DL models and didn’t
emphasize on improving the performance of the DL models with
hyperparameter tuning. This is because our target is to analyze the
mechanism of the hidden layers’ decision making process.

Table 2: Performance of different DL models. W-Pr, W-Re
andW-F1, Acc stands forWeighet Precision,Weighted Recall,
Weighted F1-score and Accuracy respectively.

Model W-Pr W-Re W-F1 Acc
1D CNN 0.89 0.88 0.88 0.88
BiLSTM 0.90 0.89 0.89 0.89
LSTM 0.90 0.90 0.89 0.90

Activation values analysis andPos/Neg Set extraction:After
training, we passed the test set to the saved model and recorded the
activation values of the last Dense layer having 64 neurons. The
activation function used in the last Dense layer is Rectified Linear
Unit (ReLU). Now for each neuron, we calculated the maximum
activation value, take the 80% of it andwe call this the pos_threshold
and also take the 20% of the maximum activation value and call it
the neg_threshold. For a specific neuron, out of all the test samples
those who have the activation value greater than or equal the
pos_threshold we tag them as positive set and those are below or
equal the neg_threshold we tag them as negative set.

Wordnet concept generation: At this stage, we have positive
and negative set for all the neurons. For each neuron, we extracted
the top TF-IDF-weighted terms from the positive set and filtered out
terms that were also prevalent in the negative set. The remaining
salient terms were then mapped to their most common WordNet
[19] noun synsets, which served as concepts. This process produced
a compact set of interpretable concepts for each neuron, which we
call the Target Label. At this stage, these labels are supposed to
effect the model’s decision making process.

Concept evaluation: For our evaluation, we excluded 11 neu-
rons because they either showed no activation across the dataset or
their extracted concepts did not produce any noun synsets in Word-
Net. As a result, the evaluation was conducted on the remaining
53 neurons and their associated candidate labels. To evaluate the
candidate labels of the activated neurons, we generated 20 target
and 20 non target data for each neuron using GPT 4 [1], where the
target sentences must have the concepts and non target sentences
must not have them. 50% of this new test dataset was used for stage
1 evaluation and remaining 50% for stage 2.
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4 Results and Discussion
Table 3 has the results of the stage 1 evaluation as well as the
labels. Here the Target % column shows the percentage of the
target sentences that activate each neuron(having activation values
greater than the 80% of the maximum activation). Same goes for
Non-Target %. We define a label for a neuron to be confirmed if
it activates for>=80% of its target set and 31 neurons are found
confirmed after stage 1 evaluation. Also we can see, the Non-target
% is too low which represents that the neurons are poorly activated
by the non-target sentences.

Table 3: Stage 1 evaluation. Here only the confirmed neurons
are shown. Full version of the Table is shown in Appendix B
Table 6.

Neuron
No.

Labels Target
%

Non-
target %

1 iraq,gaza_strip,baghdad 100% 10%
3 iraq,gaza_strip,baghdad 90% 10%
4 iraq,gaza_strip,baghdad 100% 10%
10 company,institution 80% 20%
.. ... ... ...
61 software,code,internet 80% 20%
62 company,institution 90% 20%
63 gaza_strip,iraq,israeli 80% 10%

For stage 2 evaluation, we used the remaining 50% of the new
test data and did the same evaluation on the 31 neurons from stage
1. Now out of 31 neurons, 25 neurons showed consistency (i.e., have
Target %>=80). Table 4 shows the percentage values of Target and
Non-Target along with some statistical evaluation. Here we are
showing only the values that have Target %>=80. We compute the
z-score and p-value using the non-parametric Mann-Whitney U
test [18] to quantify the statistical significance of the evaluation.
The negative z-score indicates that the activation values for non-
target samples are indeed lower than for the target samples. The
corresponding null hypothesis is that activation values are not
different between target and non-target. Only neuron 52 and 62
have p>0.05, thus we can not reject the null hypothesis for them.
Out of the 25 neurons, 23 neurons reject the null hypothesis at
p<0.05.

Taking a closer look at Table 4, we can see both strong alignments
and outliers. For example, neuron 55, having concepts software, code,
internet, was activated in 90% of target samples and only 20% of non-
target samples, with a very significant p-value (p = 0.0002). This
suggests that the neuron is reliably capturing technological topics,
mostly related to Sci/Tech class. On the other hand, neuron 52 and
62 share the label company, institution but yield non-significant
p-values (0.1405, and 0.0757, respectively). This represents these
neurons are less consistent in encoding the concept.

Based on our hypothesis and verification process, we conclude
that neurons are activated by the presence of specific concepts,
which in turn influence the network’s output.

5 Conclusion and Future Works
This study demonstrates that concept-based hidden neuron activa-
tion analysis is feasible and effective for text classification tasks.
We show that individual neurons in an LSTM model are selectively
activated by semantically meaningful concepts, and that this activa-
tion is statistically significant for the majority of neurons examined.
To our knowledge, this is the first study to apply this framework
to textual data—thereby validating the generality of the method
beyond image classification. In future works, we will try to incor-
porate different concept generation methods such as, semantically
generated concepts or concepts generated by LLMs. Our findings
open the door to building interpretable text classifiers where neu-
rons are semantically grounded in human-understandable concepts.
Such systems could be extended to support debugging, bias detec-
tion, or even interactive explanations, where users can query which
concepts drive specific decisions. This contributes toward the goal
of making deep learning systems more transparent, trustworthy,
and controllable.
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A Dataset
Some data samples from the AGNews topic classification are shown
in Table 5. The relevant concepts are shown in bold in the sentences.

Table 5: Data samples from AG News Topic Classification
Dataset.

Text Class
GAZA CITY: The Israeli army demolished 13 Pales-
tinian houses during an incursion in the southern
Gaza strip town of Rafah on Thursday, Palestinian
security sources and witnesses said.

World

BAGHDAD (Reuters) - At least 110 people were
killed across Iraq on Sunday in a sharp escalation
of violence that saw gun battles, car bombs and
bombardments rock the capital.

World

AP - Arsenal extended its unbeaten streak in the
Premier League to 48 games Saturday, getting two
goals fromThierryHenry in a 4-0 victory over Charl-
ton and bouncing back from a Champions League
tie.

Sports

AP - Three New York Giants have filed complaints
with the NFL Players Association after being fined
by coach TomCoughlin for not being "early enough"
to team meetings.

Sports

Stocks fell on Wednesday after investment bank
Morgan Stanley (MWD.N: Quote, Profile, Research)
said quarterly profit fell, casting doubt on corpo-
rate profit growth, while a brokerage downgrade on
Cisco Systems Inc.

Business

US stocks fell as setbacks for drugmakers, including
a study showing Pfizer Inc. #39;s Celebrex painkiller
increased the risk of heart attacks, sent health-care
shares tumbling.

Business

CHICAGO - Hewlett-Packard(HP) has moved its Ac-
tive Counter Measures network security software
into beta tests with a select group of European and
North American customers in hopes of readying the
product for a 2005 release, an HP executive said at
the HP World conference here in Chicago Wednes-
day.

Sci/Tech

AUGUST 18, 2004 (IDG NEWS SERVICE) - A major-
ity of US home Internet users now have broadband,
according to a survey by NetRatings Inc.

Sci/Tech

B Stage 1 Evaluation
Full version of the stage 1 evaluation is shown in Table 6.

Table 6: Stage 1 evaluation. Only confirmed neurons are
shown (Target % >= 80).

Neuron
No.

Labels Target % Non-
Target %

1 iraq,gaza_strip,baghdad 100% 10%
3 iraq,gaza_strip,baghdad 90% 10%
4 iraq,gaza_strip,baghdad 100% 10%
10 company,institution 80% 20%
12 game,activity,time_period 100% 10%
13 time_period,activity,league 90% 30%
18 software,code,internet 100% 30%
21 oil,lipid,monetary_value 80% 20%
23 iraq,corporate_executive 80% 10%
24 software,code,internet 80% 10%
25 time_period,activity,league 80% 0%
32 time_period,league,association 90% 10%
33 activity,league,association 90% 10%
34 gaza_strip,iraq,baghdad 80% 20%
35 iraq,gaza_strip,baghdad 90% 0%
36 gaza_strip,iraq,baghdad 80% 0%
37 space,attribute 100% 20%
38 company,institution 80% 20%
40 time_period,activity,league 80% 40%
41 activity,time_period,rest_day 100% 20%
42 iraq,baghdad,gaza_strip 100% 10%
48 game,activity,league 100% 10%
49 oil,lipid,monetary_value 90% 20%
50 space,attribute,internet 100% 10%
51 software,code 100% 40%
52 company,institution 80% 30%
55 software,code,internet 90% 20%
59 league,association,activity 100% 20%
60 software,code,company 100% 10%
61 software,code,internet 80% 20%
62 company,institution 90% 20%
63 gaza_strip,iraq,israeli 80% 10%
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