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ABSTRACT

Deep learning is a more flexible method for survival analysis than Cox regression, and is currently underutilized. Here, I
introduce a fully client-side web application for building and training deep learning survival models. Users can upload
their own data, generate simulated survival data, or query a database of TCGA mRNA expression and survival data. A
model builder provides 27 TensorFlow.js layers to choose from, or users can provide their own model. Training follows
best machine learning practices, utilizing Stratified K-Folds for model evaluation. Every computation runs on the client,
keeping all data, models, and results on a user’s machine. This resource is available at AleaAxis.net.

BACKGROUND

I previously developed a resource for exploring survival correlations1. This resource, along with others2–5, utilizes Cox
regression for survival analysis6. Cox regression was likely chosen for its explainability and widespread adoption within
the field. However, Cox regression only models the linear contribution of each input feature to the log partial hazard
(risk score, prognostic index), and in the absence of strong theory, there is no reason to assume linear contributions. As a
result, the resources listed, and any other analyses involving Cox regressions, may have missed or misidentified nonlinear
relationships.

Neural nets, when combined with an appropriate loss function, can identify these nonlinear relationships7–12. However,
utilizing this technology requires installing specific software along with programming skills and knowledge of machine
learning. To simplify its use and increase the adoption of using neural nets for survival analysis, I built a web application
that provides user interfaces for the entire process.

OVERVIEW

Alea Axis utilizes TensorFlow.js13 to build and train deep learning models, and currently every computation is performed
client-side. Having all the computations performed on the client allows for a responsive user-interface and precludes the
need to send data to a server, providing complete user privacy and data security. However, this also means users will be
limited by the hardware available to them. For survival training with a simple vector input and shallow graph, any modern
computer with or without a dedicated GPU should be able to easily handle the training, but complex inputs such as large
images and graphs with millions of parameters will require powerful GPUs and large amounts of RAM.

The application is designed to train deep learning models for evaluation, enabling model comparison or estimation of
generalizability. The process of evaluating deep learning models requires data processing, data splitting, model building,
hyperparameter selection, and finally, training and evaluation. Every one of these steps can be completed at Alea Axis
without writing a single line of code, but users that want additional control have an upload option at certain steps to bypass
the user interface and its limitations.

STEPS
At AleaAxis.net/train/survival, every step is given its own panel. Each step must be completed successfully to move on
to future steps, and users can visit previous steps using the navigation above each panel. To the left of each panel is a
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summary of the current state of the panel, along with upload and download options. The final submission for each panel is
always the “Submit” button to the right. Helpful icons are provided, and informative error messages guide a user.

Step 1: Data
At the Data Step, users must select either the “Provide Data”, “Generate Data”, or “Get Data” tabs. Alternatively, users
can bypass the user interface by using the sidebar to upload data in JSON format (see AleaAxis.net/docs). Clicking on
any of the tabs will clear any previously processed or uploaded data. The Provide Data tab is meant for either image
inputs or tabular inputs. If a user has data that is incompatible with these formats, the JSON option will have to be used.
The Generate Data tab will create tabular inputs (up to 10 features). The Get Data tab allows users to query a database
containing TCGA data.

Provide Data
Figure 1 illustrates how the panel will look if Provide Data is selected and “No” is selected for the image data prompt.
A drop zone appears, which allows users to drag and drop, or click. The user’s file should be a plain text file with either
comma or whitespace delimiters, and should contain a column for each feature, a column for times, and a column for
events. Once an appropriate file is selected, the first 50 rows of the file and all its detected columns are shown to the user.
This allows the user to inspect whether the columns were parsed correctly. The user can then select whether a header row
is present and needs to be skipped, and specify which columns contain the inputs, the times, and the events. Any number of
input feature columns is allowed, but they must be present consecutively so that the user can select all of them with the
range slider.

The user must also identify whether their input features are numerical or categorical. Categorical inputs would be an
input such as words. The selection will apply to all input columns, and the same vocabulary will be used for all the
categorical inputs. For example, if each column contains a word, with multiple columns forming a complete document,
the complete vocabulary will be the set of all the words in the rows and columns of inputs. Currently, it is not possible to
have different input uploads. This would, for example, allow for both text and numerical inputs to be used together. When
selecting categorical, the vocabulary size will be given to you, and the first layer of your model should be an embedding
layer. Keep in mind that the embedding layer adds a dimension, which will need to be removed (for example, with a flatten
or reshape layer).

Once the user has selected their input type, the option to “Parse File” will appear. If no errors are encountered, then the
user will be given the option to select which value in the event column corresponds to an event. The event column should
only contain two distinct values, for example, 0 and 1, or “Alive” and “Dead”, and must contain at least one value that
corresponds to an event. Once a selection has been made, the user can finally “Process Data”. The exact inputs and labels
that will be used as the dataset will be shown (first 50), with the labels being [time, event], and 0 indicating no event and 1
indicating an event. If everything looks correct, the user can click “Submit Data” to the right, and a summary of the dataset
will appear to the left, along with an option to download it in JSON format (image data should not be downloaded in this
format).

The user can now proceed to “Split Data” or take a detour to “Analysis”. Analysis is only available for single-valued
inputs, which was the case here (mRNA expression values). This panel is described below.

Generate Data
Generating survival data is a two-step process. First, features along with their relationship to a risk score must be generated.
These risk scores will then be used to create time-to-event data with censoring. The start of Figure 2 shows the first step
in the process. Users can generate between 100 and 10,000 samples, with up to 10 independent features. Each of these
independent features can then have relationships with up to 10 targets, but our risk score must be a single value. This
constraint requires the user to have 1 target per feature if the user sums over the target axis to create risk scores, and only 1
feature if the user sums over the feature axis to create risk scores.

In Figure 2, we have a single feature, a single target, and 500 samples. Once the “Target 1” tab is selected, we can choose
our “Input Transformation”. We have x2 selected, which will create a non-monotonic relationship between our feature and
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risk scores. Proceeding to “Label Creation”, we are able to see our risk scores from the perspective of each feature. We can
also make some final adjustments to the risk scores prior to making our survival data. In this case, we adjusted the risk
scale since the original values were larger than we are likely to encounter in actual data.

Figure 1. Providing tabular data.
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Figure 2. Generating survival data.
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Survival times will be generated with an exponential distribution, and censoring will be performed with a Weibull
distribution14. The “Mean Survival Time” should not have any impact on censoring, and its only potential impact is on
rounding effects. For example, if a researcher plans on perfectly mimicking a real-world dataset, and in that dataset the
times are rounded to the nearest month, then in a generated dataset with a mean time of 100 days, many samples would
share the exact same time point (the month).

The values that will affect the level of censoring are the risk scores, the “Censor Scale”, and the “Censor Shape”. Once
the survival data is made and a user is viewing the survival data, any change to the censoring values will immediately
update the data. A tab for “Event Counts” allows researchers to quickly check if they’ve achieved their desired level of
censoring. Given the compute required to generate the plot, an option to hide the plot is available and may speed up the
process. When viewing the risk options, adjusting the survival parameters does not generate new survival data.

Get Data
A database of TCGA data is made available to users (see methods). Users can retrieve data for one cancer at a time. Either
Ensembl ID or name can be used to query the database, and suggestions will be presented for names. Researchers who
have previously investigated a gene in the TCGA dataset with Cox regression may want to use this resource to confirm
their previous results.

Optional Detour: Analysis
Regardless of how a user submitted their data, if the input is single-valued, an optional detour to an analysis panel becomes
available. Figure 3 shows the analysis panel for the synthetic data we just generated. The panel immediately notifies the
user of the C-index for their data and the C-index for the risk scores (for synthetic data only). An option to find the optimal
splitting (based on input value) is available, along with an option to split the data at a user-defined cutoff and visualize the
results (fractional percents require typing into the “Cutoff” input).

In our case, because our risk scores were non-monotonic (originally high, then low, then high again), splitting the data
at the 50th percentile does not result in a difference in survival, and we also observe a near baseline C-index value of
.512. The optimal cutoff plot shows us that splitting near the middle of input values is actually the worst way to split the
data. The plot suggests splitting at either lower or higher percentiles (for this data, the optimal split actually requires 2
cutoff values). Once a user leaves the Data Step, returning will clear their previous dataset, so users should take note of the
statistics in this panel if they hope to reference them during the Training Step.

Optimal Cutoff
Depending on the data, the optimal cutoff can be unreliable15, and the p-value from the log-rank statistic needs to be
corrected16. The cutoff will be most reliable for large sample sizes and a large step function. For smaller sample sizes,
smaller differences in risk scores, and a smooth transition from low to high risk, the cutoff value can take on a range of
values due to the noise inherent to survival data. Users may want to repeatedly generate survival data that attempts to
mimic the properties of their actual or expected data, and observe the range of possible cutoff values.

Another issue with the optimal cutoff, which I haven’t seen addressed, is that it can be biased by censoring. As an
example, imagine the case of strictly increasing risk scores. Here, samples with lower input values have lower risk scores,
while samples with larger input values have higher risk scores. If each sample has the same constant rate of censoring, then
the lower risk score samples will be more likely to be censored than the higher risk score samples. This creates a shift in
the estimated optimal cutoff (in this case, towards the higher input values). Censoring is an artifact of survival studies, and
in reality, every patient will eventually have an event (if the event is death).

Stated another way, if two studies observed the exact same group of patients, but one study lost fewer patients to
follow-up or continued for a longer duration, the two studies could observe different optimal cutoffs in their data. I’m not
sure how to mathematically estimate the size of this bias. However, if a user is confident that they can generate simulated
data that closely matches their experimental data, then they can generate data with no censoring and find the optimal cutoff
of this theoretical dataset of samples with perfect follow-up.

5/12



Figure 3. Analysis panel. Analysis of data generated in Figure 2.

Step 2: Split Data
Stratified K-Folds will be used for model evaluation. This method generates folds such that each sample appears in a
testing fold exactly once while keeping the folds as similar to each other as possible with respect to a label distribution.
Users can choose to use events as the label, use no stratification, or upload their own stratification labels. Each training fold
is what the model will use for weight updates, while the testing fold will never be shown to the model during the course of
training and is used solely for post-training evaluation. Optionally, users can further split the training fold into training and
validation, with the validation fold being used for early stopping.

Step 3: Model Building
Alea Axis uses the Functional API of TensorFlow.js to build models, which allows for layers that take in multiple inputs, or
branching models (specifying an input layer that is not the immediately preceding layer). The model must start with an
input layer whose shape matches the input data, and the final layer must be a dense layer with 1 unit and no activation (our
loss function requires predicted risk scores). The input layer is provided for the user, but the final dense layer is left for the
user to provide. Between these two layers, the user can use as many layers or branches as they desire (but above a certain
number of parameters, TensorFlow.js will be unable to build the model). For layers that don’t require specifying the input
layer, the immediately preceding layer is the input. 27 different TensorFlow.js layers are available to select from, with most
of the Basic, Merge, Convolutional, Pooling, and Normalization layers included. For most layers, the user interface only
exposes the essential parameters. Terminology follows the TensorFlow.js API.

In this panel, the user has the option to upload or download the layers, or upload and download a model. Layers are
an Alea Axis-specific JSON format that are used to populate the user interface. Users will likely want to save the layers
since it will allow them to quickly edit the layers in the future. The model is a file created by TensorFlow.js, and can also
include a separate weight file. If a user wants to use layers not available through the user interface, they could provide
a TensorFlow.js model created elsewhere (as long as the input layer is compatible with their data and the model has the
correct output layer). When using layers, the user must always click “Build Model” to create their TensorFlow.js model. If
an error occurs during this process, the message from TensorFlow.js will be provided to the user.

Upon successfully building or uploading a model, the user will be able to view the model summary. Figure 4 shows
the model summary for a simple model with 2 hidden dense layers with dropout. When a user downloads a model from
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this panel, the weights are always the initial model weights, regardless of whether they return to this panel after training a
model.

Figure 4. Building a model.

Step 4: Training Parameters
At the Training Parameters panel, users must first compile the model they just built (Figure 5). This requires selecting
a loss, optimizer, learning rate, and optionally, metrics. Currently, only one loss is available, average negative partial
log-likelihood (the loss used in Cox regression). All optimizers available in TensorFlow.js that only require a learning rate
parameter are made available. For metrics, users can optionally select the Cox loss or C-index. Users should be aware that
if they have thousands of samples, the C-index metric function can require large amounts of RAM.

Traditionally, an epoch is defined as one pass through the dataset, with the number of batches equal to the number of
training samples divided by the batch size. This potentially results in a partial final batch if the number of training samples
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is not perfectly divisible by the batch size. The Cox loss can only be calculated when a batch has an event, and is only
informative when there are multiple samples. As a result, it is imperative that a partial batch is never created.

At Alea Axis, a batch will always be of the requested size, and an epoch can contain any number of batches (capped at
training fold size for practical purposes). You can think of an epoch as how much data the model sees before it calculates
and records metrics. If you want very fine-grained records, you would create smaller epochs. Model evaluation comes
at a computational cost, and it can be more efficient to record metrics less often. The epoch definition also impacts the
EarlyStopping callback. For example, small epochs with noisy metric updates will require larger patience values.

Best weight restoration also differs at Alea Axis. TensorFlow/Keras users will be accustomed to the best weights being
restored when the EarlyStopping callback is triggered. However, the EarlyStopping callback in TensorFlow.js does not
implement this functionality, and even if it did, the risk of hitting the epoch limit before an EarlyStopping trigger was
always a flaw in this paradigm. Instead, Alea Axis maintains its own record of the best weights (as defined by the monitored
metric) during training, and upon the completion of training, always restores them. Training for the current fold will be
deemed complete if the EarlyStopping callback is triggered, the epoch limit is reached, or NaNs are encountered. At the
completion of each fold, these best weights are then used by the model to make predictions for model evaluation.

If a user’s batch does not contain any events, the loss cannot be calculated, and in this circumstance, I return a NaN. I
could instead return 0; however, this would lower the overall loss for that epoch, and when the best weights are restored,
the epoch that had missing events may be selected instead of the actual best epoch. To avoid encountering NaNs due to a
lack of events, users simply have to maintain large batch sizes. Large batch sizes also help stabilize the Cox loss, since it
compares samples to each other and is unstable for small numbers of comparisons. For this reason, the default batch size
provided for the user is the training fold size. As long as memory permits, users will likely want to keep the batch size as
large as possible.

Large input values can hinder model convergence and lead to longer training times, or even cause NaNs. Users will
always be provided the option to subtract the mean and divide by SD (as calculated from each training fold), and if their
input has a single dimension (i.e., is a vector), they will also have the option to take a natural logarithm. Turning off the
shuffling of the TensorFlow dataset can slightly increase the speed of training, and users are provided the option to disable
it (see methods). For the EarlyStopping callback, “Overall Loss” is equivalent to the Cox loss if a user has no regularization
in their model, and there is no need to separately monitor the Cox loss.

Figure 5. Training parameters.
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Step 5: Training and Evaluation
Once a user starts training, it will continue through all fold splits without any user intervention (browser tab must remain
active), with the user interface updating at the end of each epoch. Clicking on each fold allows users to view plots for the
loss and optional metrics for the training fold, and the validation fold if present. If the input data is a single value for each
sample, a prediction plot will also be available. At the completion of each fold, an evaluation tab becomes available, which
shows the training and testing metrics for the best weights of that fold split (and optionally validation metrics). These
evaluations are from model predictions, and as a result, the training metrics may not match the plots if dropout is being
used (dropout is turned off when predictions are made). For small fold sizes, both the Cox loss and C-index may show a
large amount of variability between fold splits. Keep in mind that the Cox loss is dependent on fold size, with smaller folds
having smaller losses.

Figure 6. Training and evaluation. Training with the dataset from Figure 2, the model from Figure 4, and the parameters from Figure
5.

Figure 6 shows a completed training run from the data we generated in Figure 2, the model we built in Figure 4, and
the training parameters from Figure 5. As shown, once training of all folds is complete, metrics that take into account
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all testing folds are provided. The C-index calculation provided here is not affected by small sample sizes and is even
compatible with leave-one-out cross-validation (see methods). Referring back to Figure 3, the true C-index for the hidden
risk scores was .649. Although our model appears to have correctly modeled the risk scores (based on the prediction plots)
for each fold, there is inherent randomness in going from risk scores to time, event data. In addition, with five folds the
training data only contained 80% of the dataset, and the vertex of our predictions may not have been perfectly centered.
With more folds our C-index would likely approach the theoretical value.

Once training is complete, an option to view all testing fold predictions also becomes available. A small table allows for
quick viewing, with an option to download all the predictions to a CSV file. The scale of the risk scores is fold-dependent,
and they should not be compared across folds. To compare across the different testing folds, the ranks should be used (see
methods).

RECOMMENDATIONS

The question on many users’ minds will likely be whether the neural net they trained was a better fit than a Cox regression.
The final metrics include the average negative partial log-likelihood averaged across the testing folds and the C-index for
the testing ranks. If the neural net is a better fit, it should have a better partial log-likelihood. When comparing the partial
log-likelihoods between models, it is essential to use the exact same fold indices.

For a single-valued input, the neural net will only have a better C-index if the true underlying relationship is non-
monotonic. In the synthetic data we generated, performing a Cox regression would have resulted in a C-index of .512 while
the neural net found a C-index of .642. But if we had a sigmoid-like relationship, there would have been no differences in
the C-index.

For single-valued inputs, researchers should also look at the training predictions for each fold. A strong relationship
should have the same shape for every fold. If the shape of the relationship changes each fold, that indicates the neural net is
simply learning noise.

METHODS

Software
Alea Axis is built with TypeScript, React, Mantine components, Tailwind CSS, TanStack Router and Query, Plotly.js, and
stdlib. The database of TCGA data is managed with a Django server.

System Requirements
If a user’s browser is compatible with WebGL and has it enabled, TensorFlow.js will utilize a GPU if one is available. All
modern browsers should have WebGL enabled by default. Different browsers may have different performance. On my
system, Windows 11 and AMD Radeon 780M, Google Chrome is much faster than Mozilla Firefox at training models. For
a ballpark figure on how fast you should expect training to proceed, in the example provided in this paper, 100 epochs took
around 7 seconds in Chrome.

TensorFlow Datasets
Batching is performed with .shuffle().repeat().batch(). Without the shuffle, an array such as [1, 2, 3, 4] with batch 2 would
create batches [1, 2], [3, 4] in the first iteration, and [1, 2], [3, 4] in the next iteration. With shuffling of the starting array
each iteration, the batches each iteration will be random. Because the order of samples within a batch is irrelevant, when
the batch size is the length of the array, shuffling has no impact on training. Users who want training to proceed as quickly
as possible may also consider removing shuffling even when the batch size is smaller than the size of their training fold.
Removing shuffling will also allow training to proceed deterministically (as long as you don’t have dropout and use the
same initial weights).

10/12



Cox Loss
The loss calculated is the average negative partial log-likelihood:

L (θ) =
1
N

N

∑
i=1

Ei

[
log ∑

j∈R(ti)
exp

(
fθ (x j)

)
− fθ (xi)

]
(1)

where ti and Ei denote the observed time and event indicator for sample i, respectively (Ei = 1 if the event was observed,
Ei = 0 if censored). xi are the features of sample i, fθ is the neural net parameterized by θ (the weights of the neural net),
and therefore fθ (xi) is the neural net output for sample xi.

R(ti) =
{

j : t j ≥ ti
}

(2)

is the risk set at time ti, comprising all samples still under observation at the moment of sample i’s event.

Because the predictions of the neural net can drift over time (or bad initial weights can lead to predictions far from 0),
and because the partial log-likelihood has an exponential term, this loss can encounter numerical underflow or overflow. To
make the loss function resistant to this, prior to calculating the loss I subtract the mean of the predictions from themselves.
A standard method for providing numerical stability is to subtract the maximum. I did not want the loss to be numerically
stable under all circumstances. If a user provided large input values (inputs are preferably near the range of -1 and 1), a
max subtraction would cause vanishing gradients, and the model would not train. In this circumstance, I would prefer the
loss result in a numerical overflow and generate NaNs to alert the user that there is a potential issue with their data rather
than leave them guessing as to why their model is not training. As mentioned previously, I also have the loss return NaN if
a batch contains no events.

C-index calculation
The final C-index calculation follows the implementation in [12]. The C-index requires us to compare the risk score
predictions to each other, but they are not comparable across folds. To make the risk scores comparable, I convert them to
ranks in each fold split. One way to do this would be to create regularly spaced input values across the entire input feature
space (a linspace) and observe the ranks of the testing fold samples among these simulated samples. While this would be
trivial for a dataset that has a single-valued input, this is more complex and computationally expensive for an input such as
images. We can instead utilize the input space already loaded in RAM, i.e., our entire dataset. Briefly, for each fold split,
the ranks for every sample in the dataset are determined, and the ranks corresponding to the testing fold are recorded. All
the testing fold ranks are then used to calculate a C-index.

TCGA Processing
Clinical data was obtained from17. Expression files for each cancer were downloaded from https://portal.gdc.cancer.gov/
(the rna seq.augmented star gene counts.tsv files, release v45.0). Only genes which had a “gene type” of “protein coding”
were used. The “fpkm unstranded” value was recorded as the expression value. Both the GENCODE v36 Ensembl ID and
gene name were saved as database fields, however the following names mapped to more than one Ensembl ID: ACTL10,
MATR3, PDE11A, POLR2J3, SMIM40, TMSB15B. In these cases the first Ensembl ID and corresponding expression
value were kept, with the following entries discarded. Only primary tumors were allowed, with the exception of SKCM, in
which case metastatic tumors were also allowed. If a patient had more than one expression file for a tumor that matched
these criteria, the expression values were averaged. To maximize performance, the clinical data is stored as binary files
while the expression data for 17 cancers and 19938 genes is stored as individual BLOBs (Binary Large Objects) in an
indexed relational database table.
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