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ABSTRACT

The recent push for explainable artificial intelligence (XAI) has given rise to ex-
tensive work toward understanding the inner workings of neural networks. Much
of that work, however, has focused on manipulating input data feeding the net-
work to assess their effect on network output. It is shown in this study that XAI
can benefit from investigating the network node, the most fundamental unit of
neural networks. Whereas studies on XAI have mostly benefited from a focus on
manipulating input data, assessing patterns in node weights may prove equally
beneficial, if not more significant, especially when realizing that weight values
may not be as random as previously thought. A manipulated, a contrived, and a
real dataset were used in this study. Datasets were run on convolutional and deep
neural network models. Node rank stability was the central construct to inves-
tigate neuronal patterns in this study. Rank stability was defined as the number
of epochs wherein nodes held their rank in terms of weight value compared to
their rank at the last epoch, when the model reached convergence, or stability (de-
fined in this study as accuracy > 0.90). Findings indicated that neural networks
behaved like a decision tree, in that rank stability increased as weight absolute
values increased. Decision tree behavior may assist in more efficient pruning al-
gorithms, which may produce distilled models simpler to explain to technical and
non-technical audiences.

1 INTRODUCTION

With the ubiquitous and rapid emergence of machine learning applications in our society, the de-
mands for explainable artificial intelligence (XAI) have been growing equally fast, if not faster
(Goodman & Flaxman), 2017; [Hoofnagle et al., [2019). Methods employing Al are becoming more
accurate in informing decision-makers in government, science, and industry (Ahmed et al., [2022)),
calling for similar accuracy in explaining outcomes from such methods. Explainability, however, is
far from a precise term, requiring context from which to derive its meaning (Miller, 2019), which
in turn is contingent on target audience (Miller et al., 2017; Barredo Arrieta et al., [2020; Dazeley
et al.l 2021). Regardless of audience, understanding the inner workings of neural networks may be
advanced if a bottom-up, neuron-focused approach is undertaken, as the ultimate construct deter-
mining network outcomes is the neuron.

Understanding the neuronal patterns as a function of input may better assist in defining what neural
networks learn and how. Knowledge of the relational link between model input and output may help
in the design of better architectures, assist in fine tuning hyperparameters, or create more efficient
and safer algorithms (Bhatt et al.,|2020; [Ivanovs et al., 2021 |Quinn et al.,2022), all in the interest of
the continued improvements in efficiency of Al systems. In this study, an attempt is made to better
understand neural networks by examining neurons. By investigating nodes during network training,
patterns may emerge to assist developers, users, and decision makers to better understand model
outputs specific to their field.

To achieve the above goal, the remainder of this paper is organized as follows. The next section
will cover studies attempting to shed light on black-box models through assessment of neurons. The
third section will cover the methodology used in this study toward attempting a contribution to the
field of XAI by investigating neurons. The fourth section will cover this study’s findings. The last



Under review as a conference paper at ICLR 2023

section will bring together the study by discussing the relevance of the findings herein and proposing
lines of future research.

2 RELATED WORK

Most of the effort in better understanding neural network models has been focused on manipulat-
ing input data (Bach et al., 2015} |Ribeiro et al., 2016aib; |[Lundberg & Lee, 2017; |Tan et al., 2018;
Framling et al. 2021} [Ivanovs et al., [2021)), with less efforts devoted to a focus on the lower levels,
the neurons, of such models. Studies toward more closely assessing the effects of neurons may be
approached theoretically or empirically. From the theoretical standpoint, an early study by |Good-
fellow et al.| (2009) assessed network input data representation evolution as such data propagated
in the network, showing that deep neural networks progressively became invariant to input trans-
formations while data moved through layers. In a following related study, Montavon et al.| (2011
showed that representations of input data became increasingly robust and simpler as data propagated
through network layers. Increasing the number of layers yielded more accurate representations at
layers away from the input layers. Group theory has also been used in assisting understanding of
high-order representations in neural networks (Paul & Venkatasubramanian, 2014). In this latter
study, they show that groups of neurons encode features in the input data, and that group size is pro-
portional to feature complexity. Using decision trees has been used to explain how neural networks
make decisions when classifying images by selecting a probability distribution over all input classes
(Frosst & Hintonl 2017).

Empirical approaches, whereby assessing how perturbations in the input data are reflected in neuron
activation patterns, have been a more common choice in XAl research (Rafegas et al.|[2020; [Ivanovs
et al.,2021)). One of the earliest approaches for understanding intermediate levels in a neural net-
work was provided by [Zeiler & Fergus|(2014), who used ablation, an image perturbation method, to
assess performance contribution of network layers. A following study applied a generative decon-
volution network using neuron activation as the internal network functioning to show realistic object
representations, beyond image classification, allowing generalization by the network to unseen data
(Dosovitskiy et al.l [2015). A similar study by |Aubry & Russell| (2015)) indicated neuron activation
changes when images with different scene factors were presented to a CNN. More recently, [Fong
& Vedaldi| (2017) used interpretable perturbations, grounded in theory, providing a framework to
identify the relationship between image components and classification outcome. |Yang et al.|(2021),
developed a method to link image input area to classification output without needing to understand
any model architectural details. One may conclude that image perturbation studies suggest specific
neurons are being responsible for different attributes of the input image.

Still on empirical XAI approaches, convergent learning, whereby separately trained networks con-
verge toward similar spaces, has been shown to occur with neuron one-to-one and many-to-many
matching approaches between networks [Li et al.|(2015). Spatio-chromatic representations of image
color have also been shown to be reflected in neuron activation patterns (Rafegas et al., [2020). Us-
ing semantic dictionary mapping between neuron activation patterns and input images, |Olah et al.
(2017; 2018) provide an approach to understanding which image regions are responsible for deter-
mining neuron activation. Network dissection has also been successfully used in XAl using neuron
activation. Using such method, Bau et al.|(2018) and|Zhou et al.[|(2019)) used activation on multilabel
images with distinct colors, materials, and shapes to link image characteristics and neuron activation.
More recently, using a combination of network dissection and expert annotation in mammalogy, Wu
et al.|(2021) was able to better explain model predictions.

The studies above show a significant potential in focusing on the lowest level of network models
to better understand how inputs generate outputs in neural networks, providing ample justification
for focusing research efforts on nodes toward the advancement of XAI. Those studies, however,
did not consider in great detail the neurons, the most fundamental level of neural networks. By
investigating node weight patterns according to the methodology below, this work aims to close
that gap, furthering our understanding of the relationship between input data and the outcomes of
machine learning applications currently so much prized in the decision-making process of most
institutions and organizations in our society.
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3 METHODS

3.1 DATASETS

A processed, contrived, and real dataset were used in this study. The processed dataset (PR) was a
reduced version of the MNIST handwritten dataset. The MNIST dataset was reduced to 100 images
per category to keep accuracies from reaching high values early during training. Avoidance of high
early accuracy was to enable investigation of patterns in weight value progression during training,
as per experiments below. Reduction of the MNIST dataset was achieved by randomly selecting the
above number of images per category.

The real dataset (SC, for scales) was used to provide an example of how XAlI, especially with the
approach used in this study, might be applied in practice. The real dataset was for grayscale images
of Gulf menhaden (Brevoortia patronus) scales read independently by three biologists to infer fish
age, a key determinant for sustainably managing fisheries resources (Schueller et al.|[2021). Classes
for this dataset were 0-4, the possible observed ages for the target fish. The number of images within
each class was 530, of 100 by 100 pixels each.

The contrived dataset (CT) was generated to have better control and understanding of model output,
especially the number of epochs before stabilization, as explained below. Having better control of
model output might enable finer and more accurate study findings and interpretation. The contrived
dataset comprised of grayscale images with 10 shades of gray, producing 10 classes, which formed
the inputs to neural network models. The classes for this dataset were generated by sampling from a
Gaussian distribution with means of 20, 50, 75, 100, 125, 150, 175, 200, 225, and 240 to mimic pixel
depth for grayscale images. The means selected for classes were chosen to ensure an even spread of
shades of gray among classes. The standard deviation was 1,000 across all classes, which allowed
model convergence within an adequate number of epochs to conduct study experiments. Data points
that were below zero or above 255, the range for grayscale image shades of gray, were forced to
take the minimum or maximum value, respectively, of that range. The number of generated images
within each class was 50, each of size 100 by 100 pixels.

3.2 EXPERIMENTS

Experiments were done to investigate patterns in the progression during training of node weights
according to Al models, datasets, and epochs. Epochs were used as the time surrogate in assessing
training weight progression. The models tested were deep neural networks (DNN) and convolutional
neural networks (CNN). The DNN model architecture consisted of a flattened input layer, six fully
connected layers of 30 x 30 nodes, and the output softmax layer. The CNN model comprised of an
input, a fully connected, and an output set of layers. The fully connected and output layers were as
in the DNN model. The CNN input layer consisted of a sequence of three convolution layer (3 x 3
kernel) and max pooling layers, followed by another convolution layer, and ending with a flattened
layer. The flattened CNN layer served as the input to the fully connected layer. To keep comparisons
consistent, a ReLLU activation function, Adam optimizer, He-Normal initializers, batch size of 32,
and the learning rate of 0.001 were used throughout.

Images in the datasets above were fed one at a time into the input layer of the above models. Images
were flattened and padded to keep size consistence prior to model input. Padding was done by
addition of extra pixels of value 0, mimicking an empty, black background. Each image pixel
corresponded to a node in the input layer to the model tested.

Both DNN and CNN models were run toward stabilization on the three datasets above in replicates
of 50. Each replicate was run for 150 epochs. Model runs that did not converge to at least 0.90
percent accuracy were re-run for inclusion in analysis. After each epoch, the current model accuracy
and the node weights from the layer before that for the softmax activation were extracted for node
pattern analysis (focus layer henceforth). Node analysis consisted of an assessment of whether
the progression of nodes from the initial run to stabilization could be modeled by a decision tree,
potentially identifying the most significant nodes in determining model accuracy early in the training
process.
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3.3 DATA ANALYSIS

Analyses in this work were based on the construct of node rank stability, herein defined as the
number of epochs where individual nodes of the focus layer retained their weight rank from that of
the stable model. To determine rank stability, all nodes from the focus layer of the last epoch (stable
model) were ranked according to weight magnitude and followed backward to the first epoch. The
number of epochs where individual nodes retained their rank was defined as the rank stability for
that node. Rank stability, therefore, ranged between one and 150, the maximum number of epochs.

To test for neural network decision tree behavior, the statistical significance of rank stability was
assessed. Decision tree behavior was assessed with a generalized linear model (GLM) using rank
stability as the response variable with a quasi-Poisson link function. The predictors for the GLM
were the model type, of levels DNN or CNN, the datasets, of levels CT, PR, and SC, and the group
to where node weight magnitude was assigned. Node weight group assignment was done because
model stabilization is more likely due to multiple, rather than individual nodes (Li et al., [2015).
In light of minimizing subjectivity, node groups were formed using Jenks Natural Breaks method
(Jenks & Coulson, [1963), which minimizes within-class variation and maximizes among-class vari-
ation. The number of breaks for determining node group assignment was chosen as four, namely
highest positive, lowest positive, lowest negative, highest negative values. The Tukey’s Honest
Significance post-hoc GLM was used to infer within-mean differences for statistically significant
factors.

An additional test was performed assessing the relationship between the number of stable nodes
and training time. The relationship was tested in two steps. The first step consisted of using a
linear regression to estimate the slope of the relationship between epochs, the independent variable
surrogate for time, and the number of stable nodes in the focus layer for each replicate as above.
Stable nodes were defined as nodes that were rank-stable at a given epoch, i.e., nodes that retained
their row and column position from that of the last epoch. For each epoch, stable nodes were counted
and used as the response variable in the regression analysis. Because the count of stable nodes with
epoch tended to follow an exponential curve, the response variable was logarithm-transformed prior
to estimating regression parameters. The second step in analyzing node progression was to examine
the slopes of the regression analysis obtained in the first step. An analysis of variance (AOV) using
as factors model and dataset, and the regression slopes as the response variable was conducted.

3.4 DATA VISUALIZATION

To further assess decision tree behavior, two visualization approaches with reduced number of nodes
were developed for the focus layer according to the above experiment. Because of the large number
of nodes to visualize (900/epoch), a node grouping approach was used to display rank stability
patterns. Node grouping was based on their weight value. Node group membership was determined
using the Jenks method above, but with varying number of breaks. Breaks numbering 50, 200, 400,
600, and 800 for groupings were used to provide a wide contrast for displaying rank stability as a
function of Jenks breaks.

For the first visualization approach, only three groups were retained for display after groups were
generated based on the breaks above. The first group was for the nodes belonging to the group
of lowest weights, i. e., highest negative. The second group was of the nodes with intermediary
weights, i. e., around zero. Finally, the third group consisted of the nodes with the highest weight
values, i. e., highest positive. The three groups for display were generated for each combination
of Jenks number of breaks, models, and datasets (30 displays). Within each such groups, the mean
rank stability was graphed. The mean and standard deviation of the weight values, as well as the
number of nodes, within each group were also displayed.

The second approach displayed the within-group mean rank stability for nodes for all groups, but
only for breaks numbering 50, 400, and 800. This latter approach allowed for discovery of finer pat-
terns in rank stability as a function of Jenks number of breaks, models, and datasets. A second-order
polynomial was fit to the rank stability data as an aid for visualizing the shape of the relationship
between rank stability and number of Jenks breaks for each combination of the models and datasets
discussed above.
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4 RESULTS

All experimental runs converged after 150 epochs, many of which achieved accuracies well above
0.90. Average rank stability by model and dataset ranged between 3 and 95, with associated standard
deviations of 3.66 and 37.57 (Table 1), indicating a high consistency in node rank stability. For runs
with high rank stability, the assertion of model training following a decision tree behavior is made
stronger. A high rank stability, such as for all CNN and most DNN runs (Table 1), is suggestive of
the presence of nodes, root nodes as an analogy, determining model outcomes early during training.

Providing further details on decision tree behavior trends, node rank stability averages within model
and dataset were always highest for groups 1 and 4, and lowest for groups 2 and 3, indicating that
stability indeed is a function of weight absolute values and, thus, node significance in determining
model performance. Stability rank overall, however, showed some variation. For CNN models run
on the PR and SC datasets, nodes in groups 1 and 4 kept their rank for longer. For the CNN model
runs on the CT dataset, groups 1 and 4 also showed highest rank stability, although those values were
lower than CNN runs on the other datasets. For the DNN model runs across datasets, the pattern of
higher rank stability for groups 1 and 4 generally held true (Table 1).

Table 1: Summary statistics of node rank stability for experiments using CNN and DNN models on
a contrived (CT), processed (PR), and fish scale (SC) grouped dataset; groups were according to 4
Jenks Natural Breaks classes; MRS: mean rank stability, SSD: rank stability standard deviation.

MODEL DATASET GROUP MRS SSD

CNN CT Gl 68 38.7
CNN CT G2 58 39.0
CNN CT G3 58 39.8
CNN CT G4 69 395
CNN PR Gl 90 44.8
CNN PR G2 72 435
CNN PR G3 70 435
CNN PR G4 87 448
CNN SC Gl 95 37.6
CNN SC G2 79 41.1
CNN SC G3 79 40.8
CNN SC G4 92 384
DNN CT Gl 25 303
DNN CT G2 19 241
DNN CT G3 17 225
DNN CT G4 23 282
DNN PR Gl 33 331
DNN PR G2 20 19.0
DNN PR G3 18 183
DNN PR G4 34 323
DNN SC Gl 5 9.8
DNN SC G2 3 3.6
DNN SC G3 3 3.7
DNN SC G4 5 105

The GLM results showed model, datasets, and groups to be highly significant predictors (Table
2). The dataset factor had the highest influence on the GLM results (as per F-values), followed by
the model, and grouping factors, indicating that rank stability is highly dependent on the variations
inherent in model inputs. Post-hoc analysis indicated that the mean rank stability difference between
groups 1 and 4, and groups 2 and 3 were low, whereas the difference between groups 1 and 2, and
3 and 4 were high (Table 3), suggesting similarity in terms of rank stability between groups of low
differences.

The number of stable nodes at the focus layer as a function of epoch followed a linear relationship for
CNN and an exponential for DNN models. For the DNN model run on the SC dataset, the slope of
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Table 2: Results for the generalized linear model testing node rank stability for experiments using
CNN and DNN models on a contrived (CT), processed (PR), and fish scale (SC) grouped dataset;
DF: degrees of freedom, SSQ: sums-of-squares; groups were according to 4 Jenks Natural Breaks
classes.

FACTORS DF SSQ F-VALUE p-VALUE
Group 1 1,073 38 <0.01
Input Data 1 49,102 1,719 <0.01
Model 1 5,527,431 193,454 <0.01

Residuals 269,996 7,714,400

Table 3: Tukey’s Honest Significance Difference post-hoc results of node rank stability for experi-
ments using CNN and DNN models on a contrived (CT), processed (PR), and fish scale (SC) grouped
dataset; groups were according to 4 Jenks Natural Breaks classes.

DIFFERENCE LOWER UPPER p-ADJUSTED

Groups

G2-Gl1 -11.32 -11.81 -10.84 <0.01
G3-G1 -12.02 -12.51 -11.54 <0.01
G4-G1 -1.24 -1.78 -0.69 <0.01
G3-G2 -0.7 -1.13 -0.28 <0.01
G4-G2 10.09 9.6 10.58 <0.01
G4-G3 10.79 10.3 11.28 <0.01
Datasets

CT-PR -10.09 -10.46 -9.72 <0.01
SC-PR -6.98 -7.36 -6.61 <0.01
SC-CT 3.11 2.74 3.48 <0.01
Models

CNN-DNN 58.52 58.78 58.27 <0.01

the exponential relationship grew rapidly late during training, indicating model stabilization toward
the end of training. The run for the CNN model on the SC dataset showed a weak indication of a
plateau, as it grew rapidly early in training and slowed down at about epoch 50 (Figure 1).
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Figure 1: Relationship between the mean number of stable nodes in the focus layer and epoch; CT:
contrived, PR: processed, SC: scale datasets.

The results following AOV analysis on the slope of the regression of epochs on the logarithm of
stable node counts showed to be highly significant for the factors model and dataset. As per the
F-value, the factor dataset was more influential in determining the slope than was the factor model
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(Table 4), a parallel result from the GLM analysis. Post-hoc AOV results showed that all datasets
were significantly different from each other, which was also the case for the factor model (Table 4).

Table 4: Results for the AOV model testing node progression toward stabilization for experiments
using CNN and DNN models run on a contrived (CT), processed (PR), and fish scale (SC) dataset;
DF: degrees of freedom, SSQ: sums-of-squares.

FACTORS DF SSQ F-VALUE p-VALUE

Model 1 0.00081 5.87 <0.01
Dataset 2 0.01047 37.73 <0.01
Residuals 296 0.04107

Displays for node stability using a range of Jenks breaks confirmed the AOV findings above (Figures
2 and 3). For the first visualization approach, rank stability was highest for CNN models run on
the SC dataset, including nodes with lesser significance (close to zero value). The nodes of low
significance, however, were always of lower rank stability. Stability rank for the most significant
nodes (highest absolute values) within the groups of negative and positive weights was generally
similar. The rank stability tended to be similar across the range of number of Jenks breaks (Figure
2).
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Figure 2: Mean node rank stability as a function of Jenks groupings, model, and dataset; red labels
indicate number of Jenks breaks for group creation/model/dataset; CT: contrived dataset, PR: pro-
cessed dataset, SC: scale dataset; numbers in vertical orientation are mean+95 percent confidence
intervals of node weights and number of nodes within Jenks groups; only first, middle, and last
group from Jenks grouping shown.

For the second visualization approach, rank stability was low for most of the intermediate nodes after
groups constructed using Jenks breaks. In general, CNN models produced higher rank stabilities at
the extreme groups, that is for the highest negative and highest positive weights, than did DNN
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models. The CNN models also displayed higher overall rank stabilities. The DNN model run on the
SC dataset produced more varying mean rank stability across groups, regardless of the number of
Jenks breaks used (Figure 3).
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Figure 3: Mean node rank stability as a function of Jenks groupings, model, and dataset; red la-
bels indicate number of Jenks breaks for group creation/model/dataset; CT: contrived dataset, PR:
processed dataset, SC: scale dataset; all groups formed by Jenks breaks shown.

5 DISCUSSION

The evidence in this study using the concept of rank stability supports the contention that progression
in model training operates as a decision tree, as opposed to following an unpredictable, random
pattern. As indicated by node weight value groupings, groups of nodes with high mean absolute
values tended to retain their rank for longer, implying that their significance in determining model
output was also retained for longer. Such nodes are analogous to the concept of decision tree roots.
The timing when those weights and their ranks were established might have varied among individual
runs but did show a clear pattern according to groups. This lends support to the existence of a critical
period when training performance is determined (Golatkar et al.,2019). Establishing that critical
period may be useful in determining network performance and pruning. The critical period might
be best established by visualizing the network as a decision tree.

The strength of the behavior as a decision tree using rank stability was not observed to be con-
sistent throughout models and datasets. For CNN models, rank stability tree behavior was more
pronounced. Moreover, tree behavior was dependent on the dataset used. Even though rank stability
was always higher for the groups 1 and 4, groups with the higher absolute weight values, and lower
for groups 2 and 3, models and input data were critical in determining stability. The GLM results
showed that the input data not only is important but also had the highest influence in determining
rank stability. This may be due to the higher variation inherent in datasets, as compared to the intrin-
sic randomness during model training. Models, in turn, showed an intermediate influence, followed
by the grouping factor.

The subsequent analyses using different groupings and slopes of regression of number of rank-
stable nodes on training epochs confirmed the relative importance among model, datasets, and Jenks
groupings (AOV only). Invariably, rank stability was highest for nodes with either high or low
weight values and lowest for intermediate values. Moreover, model stabilization was due to a few,
highly significant nodes, rather than a more evenly distributed node weight in determining model
stabilization. The grouping factor for the GLM and AOV analyses above, however, is the indicator
of decision tree behavior, because it is the factor that reflects node weights.

Even though the grouping factor showed the weakest effect on indicating that model training follows
a decision tree behavior, it is the only one that cannot be controlled by the user. Models can be chosen
and their configuration adjusted. Datasets can be manipulated and cleaned off of suspect data points.
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Once model choices and data processing are completed, however, the user is left with the vagaries
of randomness in the algorithm responsible for determining which nodes or groups thereof influence
model stabilization. Using rank stability to prune a model cannot, therefore, be conducted a priori,
because the weights early during training are as of yet not stable. Periodic checking of rank and rate
of change of weight values may be necessary during training.

The number of stable nodes by epoch tended to be linear for CNN models and follow an exponential
for DNN models, indicating that the addition of influential nodes grows more evenly during training
for the former model. For DNN models, however, this indicates that influential nodes are added late.
It is also worth noticing that fewer influential nodes were observed for DNN models than for CNN
models. This finding may be critical in understanding model output. If fewer nodes are significant,
linkages between model weight patterns and patterns of model input data can be simplified and
possibly made more apparent.

5.1 CONCLUSIONS AND FUTURE WORK

In general, progression from model initial conditions to stabilization followed a decision tree be-
havior, with the most influential nodes, those with either highly positive or highly negative weights,
being set first. Such nodes became significant in determining model stabilization early during train-
ing, whereas the least significant ones tended to fix their rank at later epochs. This work also showed
that the progression toward model stabilization using rank stability as a metric was not always linear.
The shape of the relationship between the nodes with fixed rank and epoch was found to be highly
exponential in some cases, suggesting that model stability occurred later during training. For runs
showing exponential trends, using the findings of this study to lower training time through tasks such
as pruning may not be as optimal as one would expect. Regardless of findings, however, this study
points to the possibility of making training more efficient and models more transparent. Expanding
on this study’s findings, therefore, may only further add to the potential benefits of this work.

The success of neural networks is undisputed. With that success, however, comes computational
power and model complexity. Neural networks are increasingly becoming overparameterized (De-
nil et al.; 2013} Sze et al., 20205 Yeom et al.|[2021)), which may hinder their explainability. Retaining
the most significant neural network units, therefore, becomes necessary in light of network trans-
parency. Filtering out nodes early may also make training more efficient and simplify networks
to the extent that relationships between inputs and outputs are better understood, making networks
more transparent. An additional benefit from this study may be in reducing computational costs
of running neural networks. Computational costs may be reduced through hardware choices and
algorithm adjustments (Sze et al., [2020). Findings from this study may assist in development of al-
gorithms based on early stopping during training, lowering the time for learning completion without
compromising output accuracy. One other example where the findings of this study may benefit is
for network specialization (Balemans et al., 2022)), whereby networks are compressed for subtask
specialization. Early pruning may aid in compression efficiency, while retaining network classi-
fication accuracy. Another area of interest where this work may assist is in network information
retention (Ede et al.|, 2022)), which aims at minimizing loss of previous learning when new data is
added during training. By retaining and possibly fixing weights with high rank stability, one might
be able to minimize learning losses.

The studies above may benefit from the findings herein, making extending the results of this study a
potential additional benefit. As such, one may consider additional model layers for experimentation.
The results of this study apply only to the last layer before the softmax of CNN and DNN models.
Assessing other layers might provide a better picture of how a network learns. Adding additional
layers from the fully connected layers of CNN and DNN models might offer important insights
toward transparency that supplements this work’s contribution, as well as that from previous work
focused on model input layers. An additional important research area may be investigation on how
to implement early pruning based on this study’s findings. Detecting significant nodes might have
to involve monitoring of each node rank and rate of change in weight values. Such monitoring
may assist in detecting nodes with high rank stability, which can be fixed while pruning those with
low rank stability. Future work extending the results of this study may not only offer better, more
effective models, but also, possibly more importantly, aid in closing the gap between high-level
and low-level model explanations, hopefully bringing black-box models closer to their white-box
counterparts.
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