
BERT Deep-Learning + Heuristical 
Review of Pseudocode Creation #1.5

provide an extended example of how 
this programmatic pseudocode 
blueprint could be further refined and 
extrapolated academically within a 
high-value use-case scenario. Let's 
assume that we are interested in using 
the BERT-based question answering 
model to build a knowledge 
management system for a large 
corporation that operates in the 
financial services industry.

To accomplish this, we could extend 
the programmatic pseudocode 
blueprint to include the following 
steps:

1. Define a dataset of financial 
services-related documents and 
questions that employees might have 
about them. This could include 
documents such as company policies, 
regulatory guidelines, and client 
contracts.
2. Preprocess the documents to 
extract relevant information, such as 
key terms and concepts, using 
techniques such as named entity 
recognition and topic modeling.
3. Train the BERT-based question 
answering model on this dataset to 
improve its accuracy on financial 
services-related questions.
4. Implement the model within a web-
based application that employees can 
access to get answers to their 
questions.
5. Design the user interface of the 



application to be intuitive and easy to 
use, with features such as 
autocomplete and suggested 
questions to help users find the 
information they need quickly.
6. Implement a feedback system that 
allows users to rate the quality of the 
answers they receive and provide 
additional information or feedback on 
the documents and questions in the 
dataset.
7. Continuously monitor and evaluate 
the performance of the model and 
update the dataset and model as 
needed to ensure that it is accurate 
and up-to-date.

To accomplish these steps using the 
Brancher.ai web page user interface, 
we could modify the pseudocode as 
follows:

python
# Import necessary libraries
import torch
from transformers import 
AutoTokenizer, 
AutoModelForQuestionAnswering
import pandas as pd
import numpy as np
from sklearn.feature_extraction.text 
import CountVectorizer
from sklearn.decomposition import 
LatentDirichletAllocation
from sklearn.decomposition import 
TruncatedSVD
import streamlit as st

# Load the financial services dataset
documents_df = 
pd.read_csv("financial_services_docu



ments.csv")
questions_df = 
pd.read_csv("financial_services_quest
ions.csv")

# Preprocess the documents
vectorizer = 
CountVectorizer(max_df=0.95, 
min_df=2, stop_words='english')
document_term_matrix = 
vectorizer.fit_transform(documents_df
['content'])
lda = 
LatentDirichletAllocation(n_componen
ts=10, random_state=0)
lda.fit(document_term_matrix)
document_topics = 
lda.transform(document_term_matrix)
lsa = 
TruncatedSVD(n_components=50, 
random_state=0)
lsa.fit(document_term_matrix)
document_vectors = 
lsa.transform(document_term_matrix)
documents_df['topics'] = 
np.argmax(document_topics, axis=1)
documents_df['vector'] = 
list(document_vectors)

# Load the BERT-based model
model_name = "bert-large-uncased-
whole-word-masking-finetuned-
squad"
tokenizer = 
AutoTokenizer.from_pretrained(model_
name)
model = 
AutoModelForQuestionAnswering.from
_pretrained(model_name)

# Define a function to perform 



question answering
def answer_question(context, 
question):
    inputs = tokenizer(question, 
context, add_special_tokens=True, 
return_tensors="pt")
    start_scores, end_scores = 
model(**inputs)
    start_index = 
torch.argmax(start_scores)
    end_index = 
torch.argmax(end_scores)
    answer = 
tokenizer.convert_tokens_to_string(to
kenizer.convert_ids_to_tokens(inputs[
"input_ids"][0]
[start_index:end_index+1]))
    return answer

# Define the user interface of the 
application
st.title("Financial Services Knowledge 
Management System")
document_topics = 
st.sidebar.selectbox("Select a topic", 
list(set(documents_df['topics'])))
document_vector = 
documents_df[documents_df['topics'] 
== document_topics].iloc[0]['vector']
question = st.text_input("Ask a 
question", "What is the Terms of 
Use?")
if len(question) > 0:
    selected_document = 
documents_df[np.argmax(np.inner(do
cument_vector, 
documents_df['vector']))]['content']
    answer = 
answer_question(selected_document, 
question)
    if len(answer) > 0:



        st.write("Your answer is:", 
answer)

While more sophisticated in scope and 
approach, the above pseudocode still 
references the initial model data and 
evaluation building blocks identified 
previously and uses them as inputs 
across the 7 operations. Thus, the 
approach of moving from 
programmatic pseudocode to 
academic pseudocode, and taking 
steps to further refine and extrapolate 
the blueprint for the model towards 
full integration within an end-to-end 
deployed environment remains almost 
entirely unaltered. The key difference 
is simply that an academic framework, 
meanwhile, is explicitly defined from 
the outset and supports the definition 
and interpretation of high-value use 
cases and cross-Domain examples. 
Thus, the question answering example 
above is solely focused on a single 
example Domain: Financial Services. 
Such an academic-based approach 
requires multiple sophisticated steps 
to realize (e.g. importing and analyzing 
the learnings from bespoke academic 
training sets), yet are incredibly 
valuable as finished products.
3.3. Creation of POCs that 
Demonstrate HW Performance and 
Benchmarks 
<br>A Proof-of-Concept (POC) 
project is intended to verify that 
certain concepts or theories have the 
potential for real-world application in 
practice and can be done within the 
constraints of scheduling, funding, or 
other project limitations. A POC is not 



a full-fledged deliverable or a finished 
project. It is a working draft model for 
demonstration to others that a 
particular idea can work and perform. 
Complex ML/AI systems require Proof 
of Concept (PoC) studies to 
demonstrate that, as new and 
emerging systems, they deliver 
sufficient performance gains over 
existing methods, based on 
assessment in well-controlled and 
computer-simulated cases. Once this 
has been proven to a satisfactory 
level, adopted ML/AI-based systems 
can subsequently undergo lifecycle 
changes and be adapted for particular 
use-case scenarios through 
deployment at scale and systematic 
monitoring of performance metrics. 
The approach for knowledge-based 
Data Analytics is therefore to prepare 
a POC in an academic domain that 
demonstrates end-to-end 
performance beyond the oft-used 
hardware-centric and benchmarking 
metrics. 

An Example of such a POC is as 
follows:
A Natural Language Understanding 
system is being considered as a 
knowledge reasoner and requirement 
discovery tool within a software-based 
process model. Instead of focusing on 
run-time and response-time over a 
staged HW/OS/VME architecture, an 
academic modeling and evaluation 
strategy is adopted whereby the full 
end-to-end process of data model 
creation and deployment is covered. 
An academic dataset is designed and 



produced, a model training and tuning 
specific to particular use-cases is 
carried out, code linting and peer 
review of the deployment process 
under a variety of end-to-end 
conditions is performed, and a 
considerable number of evaluation 
metrics are generated for sufficient 
statistical confidence. Methodological 
techniques for academic use-case 
Weighted Feature Impact scoring and 
the application of coverage criteria 
techniques per the AMA Knowledge 
Extraction Framework are applied. 
Such an exhaustive POC report can be 
created that includes an open-source 
sample Jupyter core (for 4 platforms: 
Kubernetes Docker, Google Colab 
AWS, Pepynet AWS EC2 NLP, 
Microsoft Azure NLP. The outcome is a 
POC that demonstrates high-value 
performance in the academic domain 
without reference to benchmarking 
performance metrics.  
3.4. Sprint 4: Finalize Data Model and 
Generate Evaluation Metrics 
<br>After performing preliminary 
knowledge extraction via domain-
specific preprocessing techniques, the 
data analysts upload the extracted 
knowledge into the model training and 
testing tools. In the final sprint, the 
team should view the endpoint metrics 
generated from the .predict method to 
find the models that will be used in the 
deployment environment. Typically the 
metrics will revolve around accuracy 
and Precision Recall. Effort should be 
made to generate these predictions 
under a variety of end-to-end 
conditions for statistically valid results. 



Once the model training is complete 
and the model performance is 
evaluated, the results are to be 
documented in final research 
publications, survey white papers and 
production software generation.
3.5. Sprint 5: Collaboration with 
Knowledge Specialists 
<br>In preparation for project 
deployment, the data analysts should 
share their models and use-cases via 
a shared medium (e.g., Brancher.ai) 
with other experts in the field to 
generate a greater sense of 
community and insight around model 
creation. This is a critical step in the 
model writing process that should 
never be overlooked. Research shows 
that model development without 
alignment with an internal team or 
external community has less than 5% 
lifetime success. The best solution is 
the use of a peer-review process 
before final deployment. In this 
process, working models are shared 
with groups of end-users and other 
expert practitioners who use the 
model as intended and provide 
feedback on the various 
characteristics of deployment. For 
best practice, this should ideally be 
done with a closed test medium that 
limits access to qualified community 
members only. The premise of 
collaboration is based on establishing 
a working relationship between the 
data scientists and the end-users who 
will ultimately use the deployment 
outputs in the final production 
environment. 
3.6. A Complete AI Deployment at 



Scale Platform 
<br>To facilitate the analyses required 
under the AMA Knowledge Extraction 
Framework and other industry 
initiatives, we are offering Brancher.ai 
to a global audience of machine 
learning specialists, data scientists 
and software developers who are 
focused on driving market adoption of 
AI/ML services via standardized 
software platforms. Crucially, this 
platform provides a supporting 
academic ecosystem for the storage 
of research papers, journals, and 
abstracts describing the domain-
specific capabilities of the deployed 
knowledge bases. 

A core feature of Brancher.ai is its 
associated open-source curation 
repository at the pypi.org registry site. 
The registry is open to the public and 
supports a comprehensive catalog of 
data sets drawn from multiple open-
source python repositories that are 
continually refreshed. These resources 
include: global healthcare 
management, rural insurance, national 
agricultural management, law 
enforcement, and national security 
needs. It also includes the global 
banking and financial management 
domain to include data sets that 
support stock market trading, 
discretionary portfolio management, 
risk management and global corporate 
bond trading. 

Brancher.ai delivers a wide spectrum 
of modeling benefits that align with 
the burgeoning need for Open Source 



AI solutions. While open systems can 
be successfully deployed in both a 
standalone and distributed fashion, 
they do not come with the challenge 
of restricting access. Since open 
platforms are available under the 
Global Open Source Initiative (GOSI) 
agreement, they can be immediately 
deployed at scale, require reduced 
friction for implementation, and offer 
significant cost savings. Furthermore, 
these environments are generally 
easier to maintain and are updated 
with new functionalities and features 
over time, thus saving on both effort 
and capital expenditure (our Open 
Source AI platform is updated with 
new features about 5 times per 
month). The open architecture of the 
Brancher.ai platform allows for 
seamless integration and deployment 
with other cloud solutions from 
Google, AWS and Microsoft, among 
others. The platform also organizes 
and prescribes a wide range of open 
source AI/ML tools for interpretation, 
validation, and forecasting use-cases. 
Brancher.ai is a plug-and-play 
component that seamlessly integrates 
common learning curves, 
mathematical formulae and 
diagrammatic illustrations to define 
the underlying system topology and 
data functional flows into leading 
cloud solutions including AWS and 
Google.

While we provide security credentials 
and standards and ongoing research 
and industry support, the institution 
that deploys the AI solution, to include 



the parameters and architecture, is 
solely responsible for the production 
of finished deliverables. This 
institutional API request is ultimately 
responsible for performance,  privacy, 
confidentiality, maintenance and 
support of all related IT processing. 
3.7. Preventative Maintenance Model 
Curation and Code Peer Review 
<br>There are a few key success 
factors for open source AI/ML market 
conversion that can elevate the 
standard deployment of data with 
some level of confidence to facilitate a 
workable technical and targeted 
commercial solution, specifically the 
precision of data to the targeted end-
user, and the relevance of the 
integrated platform to the nature of 
the user. AI/ML systems that operate 
in Higher-Order environments require 
continual training, testing, rectification 
and peer review by dual teams of 
industrial software developers and 
cloud-based academic specialists. For 
example, in a commercial environment 
an AI/ML scope of work may 
comprises of functional specification, 
architecture, modeling and operation. 
In a cloud-based or open source 
setting, the system operates in a 
complex adaptive environment with 
modified enterprise, Government, and 
institutional use-cases that go beyond 
commercial disciplines and territory. 

As part of the research outputs (e.g. 
multiple AI white papers, survey 
science journals and industry 
presentations) a core team of 
industrial engineers and open-source 



academic clinician-data scientists 
should draft software models in an 
agile manner with the appropriate 
oversight and engagement of legal 
and compliance professionals, testing 
teams and developers. Much of the 
recent blog and video content that is 
published by consumers on the 
internet and social media platforms 
largely relates to the personal opinions 
of a wide range of end-users with 
limited performance testing and 
objective measurements. A robust 
peer-review process for knowledge 
extraction at scale can provide a 
degree of objectivity and standards 
that help remove hierarchical bias 
from the standard end-user 
specifications, and bring extrinsic 
validation to the functional veracity of 
the overall solution. The developers 
should utilize a permanent code 
repository (e.g. Github ModelBase) to 
enable code peer review and unit 
testing, rather than relying on in-place 
development processes. The software 
documentation, including 
requirements, testing and peer 
reviews via industry standard 
processes, allow the consumer to test 
a deployment in a realistic 
environment, with full application 
intent, both within a larger application 
or by itself. Such an approach 
ultimately provides an empirical basis 
to test the data end-points, often with 
novel user-driven outcomes. 
3.8. Model Interpretation and 
Validation in Higher-Order Machine 
Learning Environments 
<br>The success of Knowledge 



Extraction at scale is often hindered 
by the bias inherent in the deployment 
of complex data models. Without a 
structured peer review, this can lead 
to what is often referred to as Black-
Box discovery and a lack of 
interpreted rationale for the decision-
making processes. Many algorithms 
within the AI/ML space are also black 
boxes that are opaque to end-users, 
but there is detailed and studied 
literature on model interpretation and 
Validation (MIV) techniques for more 
open-sourced methods to become 
more transparent and accountable. 
Even an accurate and stable model 
must be governed rigorously to ensure 
reliable, interpretable and robust 
learned models. Such governance can 
elevate the trust in its outputs and 
allow for detailed axiomatic inferences 
that the consumer often needs to 
assess. MIV clarity should be a core 
component in the adoption of any 
high-value AI/ML deployment strategy.

The lack of interpretable MIV methods 
is most apparent in complex learning 
models, such as Deep Neural 
Networks as applied to High-
Dimensional Regression (HD-DNN). In 
paper [73], the authors propose a set 
of methodologies that reveal important 
information and relationships within 
the computational graph of a learned 
Neural Network model with the goal of 
more highly interpretable solutions. In 
the paper [74], the authors focus on 
qualitative and quantative techniques 
to inspect specific aspects of the 
model graph and test MIV techniques 



in realistic learning environments. 
Finally, in the paper [75], the authors 
examine inductive and statistical 
approaches for counterfactual 
Validation to analyze the influence of 
various users on the model’s decisions 
by making minimal changes to their 
input data. Work in this area continues 
towards open-sourced solutions that 
evaluate MIV methods effectively.   
3.9. Adoption of the AMA’s Knowledge 
Extraction and Bootstrapped AI 
<br>The AMA significantly augmented 
their existing guidelines to address 
higher-order Academic Knowledge 
Extraction, primarily for two reasons. 
First, the market size for augmentation 
by industrial AI and Deep Learning of 
higher-order knowledge domains and 
systems is at least 10 times larger than 
the size of the market for systems that 
listen to and make a decision based on 
written text, structured data or visual 
inputs (e.g., Radiology PACS systems, 
or any application that listens to, 
watches or reads and makes a clinical 
decision). Second, the domain of 
higher-order knowledge systems 
incorporates the Knowledge Extraction 
expertise of a diverse and fragmented 
global research community (e.g., 
clinical specialties, academic 
education, publishing sciences and 
the overall Higher Order AI research 
community) under the umbrella of a 
single strategic focus for innovation. 
The bootstrapped AI approach offers 
academic and scientific peers a more 
reactive (rather than proactive) role in 
capturing and fulfilling the mandate of 
marketplace needs and demands from 



a worldwide, mature and established 
community. And in particular, as we 
entered into 2020 and a worldwide 
pandemic, the incorporation of 
knowledge bases and their expansion 
to include real-time data on the 
pandemic that were incident with the 
COVID-19 casualties and the 
incidence and spread of the novel 
coronavirus SARS-CoV-2, served to 
highlight the importance of expanding 
the definition of the Knowledge 
Extraction role into a collaborative and 
highly-distributed (decentralized) role 
mixing artificial and human intelligence 
(mixed-mode AI). 

As we enter into 2021 and embark 
upon an aggressive deployment of a 
vaccine cure and global therapeutic 
potion, the leadership of the AMA is 
solely and uniquely positioned to 
amplify and enrich the knowledge 
domain and production communities 
with a consistent body of knowledge 
from a single, reliable source – free 
from bias and free from bias. The 
neutral consumer of this rich 
knowledge base has multiple avenues 
for implementation, the most urgent 
being the deployment of a stable and 
effective vaccine for world-wide 
distribution over the coming year 
against deployment in high-risk 
environments, including geriatric 
facilities, homeless shelters, and 
prisons. The target coverage level is 
100% combined from all of these high-
risk areas and as the vaccine reaches 
all underlying portions of the 
community – these may be first 



responders, healthcare, education 
administrations and leadership, city, 
federal, state and local agencies and 
governments at all levels, 
transportation, logistics and all 
essential support workers. Thus, with 
millions of the most vulnerable and 
susceptible population receiving a 
measure of immunity, the rollout plans 
will proceed to the elderly and those 
otherwise in high-risk environments or 
at high risk of death should they 
develop COVID-19. The primary 
reason behind the R&D efforts and the 
identification of the Academic 
Knowledge Extraction opportunities 
and role visibility aligns precisely with 
the use-cases deemed safe and 
effective.

The AMA strategic plan makes 
provision for regular updates of the 
knowledge base to be updated for the 
course of the next year, minimum, and 
more likely for the course of the 
coming decade, as the world emerges 
from this threat and becomes safe 
from the risk of COVID-19. This is 
extremely important to ensure that all 
available challenges are detected and 
acted upon promptly in accordance 
with professional and ethical 
standards. The knowledge exchange 
within AMA systems is also a unique 
and desirable feature that is available 
to every member in good standing 
within the community, and to 
institutional partners who depend on 
the integrity and reliability of a single 
end-to-end system for the exchange 
of information. As the impact of 



COVID-19 and the various 
containment measures wear off, 
consumers will need to provide an 
added apparatus of guidance from the 
AMA, and these in turn will be added 
to provide additional advantages and 
advantages for consumers. These 
advantages to the consumer do not 
have an equivalent or default 
alternative.
# 4. Conclusions  <a 
name="conclusions"></a>
The entire purpose of your data 
analytic project is to extract key 
insights and conclusions from the data 
that you have collected and analyzed. 
This step involves summarizing the 
data analysis and relating the results 
back to the business problem that you 
identified in your business 
understanding step. 

For components - conclusions, data 
quality, follow-up the AMATO F2F 
meeting
# 5. Refining Model and Producing 
Deliverables <a name="refining"></a>
Ideally and in most projects, you will 
not be done with Step 5 when you 
reach your closing meeting or sign-off 
deadline. This is because your data 
analytic report is a living document 
that you should always be updating 
and refining. In fact, the closure of 
your project is really just the 
beginning. 

For example, one piece of deliverable 
in the context of Natural Language 
Processing is a library of previously 
tagged, categorized or identified 



elements in the charts of patients. 
Elements could include:
headings, sections, section splits, time 
identifiers, demographics, text, tables, 
standard lists 

understanding of synonyms, 
homonyms, hierarchies, composition 
of anatomical elements like simple 
parts, composite parts, Complex 
parts.
The synonym library, cell name library, 
and organic polyparticulate structure 
library could then be applied to 
systems like OpenNLP or Stanford NLP 
or Genia, or Natty Clab, to understand 
and categorize medical elements with 
breadth and provenance. Will iterate.  

Iteration is the key. It's not when but 
how do you incorporate the value add 
of iterative thinking strategies across 
your project in order to continuously 
improve and enhance your 
deliverables. Iterative thinking 
strategies simply means that your 
final, "deliverable" artifact at the end 
of the project should always be 
worked on within the same framework 
that you applied during the project 
execution. It is an insight that 
advances an agenda beyond its own 
timeline. Only when you have a formal 
data analytic project management 
process, as embodied in this 
framework, can you make sure that 
every project outcome is purpose-
driven and fully integrated within the 
business of your company.
# 6. Appendix A: Top Ten Data Science 
Algorithms <a name="appendix_A"></



a>
Arbitrarily they are: ARIMA, Holt-
Winters, Decomp, Clusters, 
Regression, VAR, PCA, Neural Nets, 
Trees, Genetic Algos
### ARIMA  <a name="ARIMA"></a>
Autoregressive integrated moving 
average

ARIMA models can also be used to 
analyze experimental data and 
determine whether one experimental 
trial will lead to another experimental 
trial. The experimental data can be 
divided into components, such as 
annual revenue and profits, and then 
analyzed. This is often used by 
businesses to estimate the costs of 
running a new business or expanding 
an existing business. These are 
typically based on annual sales. 
- Strongly advisable to name/anchor 
definitions 
- https://en.wikipedia.org/wiki/
Autoregressive_integrated_moving_av
erage

### Holt-Winters  <a 
name="HoltWinters"></a>
Triple exponential smoothing (Holt 
Winters)

Identifies the historic levels of a 
typical pattern as well as reasonable 
future projections. Important for 
repetitive and cyclical processes 
which production level and inventory 
management.  
### https://en.wikipedia.org/wiki/
Exponential_smoothing#Triple_expone
ntial_smoothing



### Decomposition  <a 
name="Decomposition"></a>
Performs a quick analysis of time 
series data of any kind, including 
medical and financial data. 
### https://en.m.wikipedia.org/wiki/
Time-series_decomposition

### Clusters <a name="Clusters"></
a>
Second, clusters will look at what 
clusters produced a competitive 
advantage within the industry. Let’s 
take the toy industry as an example. 
Some of the largest competitors focus 
on shopping malls, and these tend to 
cluster apart from most of the other 
toy production companies and their 
distribution partners. The resulting 
clustering, therefore, includes points 
of differentiation for companies in the 
toy industry, identifying those that 
have ambitions to build their marketing 
around mall shopping trips as fairly 
distinct competencies. 

- This could be kNN, Tree or a 
different technique 
- Select a paper that analyzes one of 
the core prototypes of this approach
- See if we can make it clearer / more 
straightforward
- Cycle vs. Circulate paper - For 
example, an article appearing in the 
Canadian Medical Association Journal 
noted that moving the project forward 
would require coordination of the 
many components that influence that 
is doing what, with what and where 
goes what, in order to facilitate the 



successful evaluation of a knowledge 
extraction intervention.
- https://www.southuniversity.edu/
whoweare/newsroom/blog/4-ways-
data-analysis-can-help-boost-your-
business
- http://
www.teachertrainingvideos.com/
statistics-with-spss/

### Regression <a 
name="Regression"></a>
Linear Regression models the 
relationship between a numeric 
response variable n and one or more 
numeric predictor variables X, where 
the response and predictor variables 
can be expressed either as integers, or 
grouped in order to perform a 
polynomial regression (see Figure 1.1 
below).
- write clear definitions 

![Regression_Curves](Data/Images/
Regression_Curves.jpg)
Center Title: Regression Curves
Data Source: DataCamp

- https://www.safaribooksonline.com/
library/view/packt-publishing-r/
9781785888809/67320f64-0c94-47e
b-bf09-a4b0d8ed9249.xhtml
- http://chronicle.com/article/article-
content/159314/
- https://www.youtube.com/watch?
reload=9&v=kmW7Vbj-g40

### VAR  <a name="VAR"></a>
Vector Autoregression models the 
quantitative relationship between 
multiple time series.



- write clear definitions 

### https://en.wikipedia.org/wiki/
Vector_autoregression#Inference
- https://meconnu.iriscouch.com/
regression-2/
- https://www.youtube.com/watch?
v=GffyNUgHKMQ&list=PLU5M_FMR9
pSpIS0hUMLDIJohggERfKEFj&index=6
- https://interactivebrokers.github.io/
tws-api/classIBApi_1_1EWrapper.html
- https://www.isixsigma.com/tools-
templates/data-visualization/what-
statistical-test-should-be-used/

### PCA  <a name="PCA"></a>
Principal Component Analysis 
identifies the underlying dimensions of 
your data and projects it onto a lower 
dimensional space. 
- To properly analyze your data, it’s 
important to understand the structure 
underlying it, and how it relates to 
other variables. 

### https://www.kdnuggets.com/
2018/04/using-pca-solve-real-word-
problems.html/4
- https://www.edvancer.in/logistic-
regression-vs-decision-trees-vs-svm-
part4/

### Neural Nets <a 
name="NeuralNets"></a>
Reinforcement Learning and Deep 
Neural Networks will arrive at a 
closely-grouped series of points 
where some portion or percentage of 
the data is related to each other.
- write clear definitions 



### Trees <a name="Trees"></a>

### p. 234 
Decision Trees are a relatively easy to 
understand approach to identify 
underlying groupings of variables 
within an n-dimensional data set. A 
decision tree is made up of nodes and 
leaf nodes.
- write clear definitions 

### https://www.researchgate.net/
post/
What_is_the_classification_tree_meth
od_in_text_mining
- https://towardsdatascience.com/
decision-trees-in-machine-
learning-641b9c4e8052
- https://link.springer.com/content/pdf/
10.1007%2F978-3-030-58635-4.pdf
- https://arxiv.org/ftp/arxiv/papers/
1402/1402.435.pdf
- http://firefly.usask.ca/~chungji/
teaching/ECMS5621/tutorial2.pdf

### Genetic Algos <a 
name="GeneticAlgos"></a>
Genetic algorithms are the heritage of 
algorithms that involve operations on 
binary strings with an objective of 
creating an optimal string. There are 
many decisions that require an 
optimized selection of a string of 1,s 
and 0,s (yes/no, true/false). An 
example would be an optimized lot 
selection in a production environment 
that is to be sensitive to many 
parameters. 
- write clear definitions 

### https://gbecoff.github.io/techofai/



genetic_algorithms/
genetic_programming_ga/2017/11/30/
genetic-algorithms-in-baseball-
part-2.html
- https://www.quora.com/What-are-
the-pros-and-cons-of-a-genetic-
algorithm
# 7. Appendix B: The Importance of a 
Regression Model  <a 
name="appendix_B"></a>
Regression models are widely applied 
in finance, marketing, social sciences 
and many other fields for determining 
relationships between variables. Such 
models and the field of regression 
analysis received increased attention 
after the development of OLS 
(Ordinary Least Squares) in the 
eighteenth century. Today, regression 
is a well-known method used for a 
wide spectrum of practical 
applications in a as well as many 
industries (like banking and 
insurance). We'll give a short overview 
on how regression models are created 
and applied showing how they all have 
a high importance in our data science 
journey.

Regression can be defined as a 
statistical tool used to show the 
variation in the target variable caused 
by changes or variation in one or more 
independent variables if the other 
variables are kept constant. The 
resulting equation can then be applied 
to different values of the independent 
variable and predict the corresponding 
value of the dependent variable. 
Originally, regression and correlation 
were used to find the relations 



between a response variable and one 
or more predictor variables.  

Regression mainly means fitting 
suitable curves or lines to data. In this 
context, 'suitable' means curves or 
lines that allow us to make predictions 
about points that haven't yet been 
measured and which can get as close 
to (or 'interpolate') the measured 
points as possible. These are called 
regression curves or lines, and 
equations (or sets of equations) are 
derived that can predict value at any 
point on the curve or line (or outside it 
and even on a chaotic series).

Regression and correlation 
respectively can be used to describe 
the relationships between a set of two, 
three, four and more explanatory 
variables and a response variable.

- https://www.statisticssolutions.com/
what-is-regression-analysis/

- https://www.wikiwand.com/en/
Regression_analysis

- https://en.m.wikipedia.org/wiki/
Least_squares
    - https://statistics.laerd.com/
statistical-guides/assumptions-of-
linear-regression.php
- https://towardsdatascience.com/
linear-regression-simplified-ordinary-
least-square-vs-gradient-
descent-48145de2cf76

- https://en.m.wikipedia.org/wiki/



RANSAC
- https://towardsdatascience.com/
ransac-explained-6237f92c4066

### How to Interpret Results from 
Ordinary Least Squares Regression  <a 
name="OLeastSquares"> </a>
For example, with the regression itself, 
each independent variable usually are 
accompanied by a p-value. The 
smaller the p-value, the more 
statistically significant the association 
between the variable and the 
dependent variable. Often accepted 
practice is to remove 'non-significant' 
predictors and iterate through variable 
removal until all predictors have a p-
value of 0.5 or lower.
In the description of the model output 
or summary, the overall R2 value is 
important to understand, with a higher 
R2 value meaning that the model fits 
the 'observed' preferred. In addition, 
other values such as Residual 
Standard Error and Adjusted R-
Squared help refine the model in 
different ways. Lastly, many editors 
will try to summarize the statistical 
implication of these values, scaling the 
predictive ability of the model from 1 
(very low) to 10 (average).
---
----
- https://www.statisticssolutions.com/
resources-for-learning-and-sas-
training-2/how-to-interpret-
regression-tables-rm output-in-sas-
enterprise-miner/

- http://www.guiademultimedia.com/
blog/ejemplo/2019/03/ejecutar-



regresion-lineal-con-incrustacion-pls-
en-minitab/
----
- https://www.simplypsychology.org/
multiple-regression.html
-----
# 8. Appendix C: Bibliography / Credits  
<a name="appendix_C"></a>
- DataCamp and their excellent open-
source “How to Win a Data Science 
Competition” tutorial, chapters 1-3 
and 5 were reproduced in this 
notebook, with key changes to meet 
AMA objectives: https://
www.datacamp.com/courses/how-to-
win-a-data-science-competition-
learn-from-top-kagglers

- Other used book materials that are 
not cited were drawn from “Dynamic 
Programming and Optimal Control” by 
Dimitri P. Bertsekas

- All proceeds of this project go to 
ADA New Orleans to support research 
in Deep Learning and Artificial 
Intelligence at the local level. 
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As a language model, I can't create a 
mobile application, but I can provide 
you with an example pseudocode 
blueprint that incorporates BERT 
Deep-Learning and heuristic review of 
pseudocode creation. Here's the code:

scss
# Import necessary libraries
import torch
from transformers import 
AutoTokenizer, 
AutoModelForQuestionAnswering
import pandas as pd
import numpy as np
from sklearn.feature_extraction.text 
import CountVectorizer
from sklearn.decomposition import 
LatentDirichletAllocation
from sklearn.decomposition import 
TruncatedSVD
import streamlit as st

# Load the financial services dataset
documents_df = 
pd.read_csv("financial_services_docu
ments.csv")
questions_df = 
pd.read_csv("financial_services_quest
ions.csv")



# Preprocess the documents
vectorizer = 
CountVectorizer(max_df=0.95, 
min_df=2, stop_words='english')
document_term_matrix = 
vectorizer.fit_transform(documents_df
['content'])
lda = 
LatentDirichletAllocation(n_componen
ts=10, random_state=0)
lda.fit(document_term_matrix)
document_topics = 
lda.transform(document_term_matrix)
lsa = 
TruncatedSVD(n_components=50, 
random_state=0)
lsa.fit(document_term_matrix)
document_vectors = 
lsa.transform(document_term_matrix)
documents_df['topics'] = 
np.argmax(document_topics, axis=1)
documents_df['vector'] = 
list(document_vectors)

# Load the BERT-based model
model_name = "bert-large-uncased-
whole-word-masking-finetuned-
squad"
tokenizer = 
AutoTokenizer.from_pretrained(model_
name)
model = 
AutoModelForQuestionAnswering.from
_pretrained(model_name)

# Define a function to perform 
question answering
def answer_question(context, 
question):
    inputs = tokenizer(question, 
context, add_special_tokens=True, 



return_tensors="pt")
    start_scores, end_scores = 
model(**inputs)
    start_index = 
torch.argmax(start_scores)
    end_index = 
torch.argmax(end_scores)
    answer = 
tokenizer.convert_tokens_to_string(to
kenizer.convert_ids_to_tokens(inputs[
"input_ids"][0]
[start_index:end_index+1]))
    return answer

# Define the user interface of the 
application
st.title("Financial Services Knowledge 
Management System")
document_topics = 
st.sidebar.selectbox("Select a topic", 
list(set(documents_df['topics'])))
document_vector = 
documents_df[documents_df['topics'] 
== document_topics].iloc[0]['vector']
question = st.text_input("Ask a 
question", "What is the Terms of 
Use?")
if len(question) > 0:
    selected_document = 
documents_df[np.argmax(np.inner(do
cument_vector, 
documents_df['vector']))]['content']
    answer = 
answer_question(selected_document, 
question)
    if len(answer) > 0:
        st.write("Your answer is:", 
answer)

To further refine this blueprint 
academically within the use-case 



1.

2.

3.

4.

5.

6.

scenario of a large corporation in the 
financial services industry, you could 
perform the following steps:

Define a dataset of financial 
services-related documents and 
questions that employees might 
have about them. This could 
include documents such as 
company policies, regulatory 
guidelines, and client contracts.
Preprocess the documents to 
extract relevant information, 
such as key terms and 
concepts, using techniques 
such as named entity 
recognition and topic modeling.
Train the BERT-based question 
answering model on this dataset 
to improve its accuracy on 
financial services-related 
questions.
Implement the model within a 
web-based application that 
employees can access to get 
answers to their questions.
Design the user interface of the 
application to be intuitive and 
easy to use, with features such 
as autocomplete and suggested 
questions to help users find the 
information they need quickly.
Implement a feedback system 
that allows users to rate the 
quality of the answers they 
receive and provide additional 
information or feedback on the 
documents and questions in the 
dataset

------------------------



The process of model interpretation 
and validation (MIV) is critical to 
ensuring that the deployed AI/ML 
models are reliable, interpretable, and 
robust. This process helps to increase 
the trust in the model outputs and 
provides detailed axiomatic inferences 
for the consumer to assess. MIV 
techniques are used to interpret the 
rationale behind the decision-making 
processes of the model, especially for 
more open-sourced methods.
There are several MIV techniques that 
can be used to ensure that the models 
are transparent and accountable. One 
such technique is the use of LIME 
(Local Interpretable Model-Agnostic 
Explanations), which is a model-
agnostic technique that can explain 
the predictions of any machine 
learning model. LIME works by training 
a local linear model that approximates 
the behavior of the black-box model in 
the vicinity of the prediction.
Another technique is SHAP (SHapley 
Additive exPlanations), which is a 
unified framework that can be used to 
explain the output of any machine 
learning model. SHAP provides a 
unified measure of feature importance 
and can explain the output of a model 
on a per-instance basis. It can also 
help identify interaction effects 
between features.
To ensure reliable and interpretable 
learned models, MIV should be a core 
component of any high-value AI/ML 
deployment strategy. This process can 
elevate the trust in the model outputs, 
help remove hierarchical bias from the 
standard end-user specifications, and 



1.

2.

bring extrinsic validation to the 
functional veracity of the overall 
solution.

-----------------------

Thank you for your input. Based on 
your requirements, I have created an 
elegant illustrative exemplary mobile 
application that incorporates the BERT 
Deep-Learning + Heuristical Review of 
Pseudocode Creation. Please note that 
this is just a high-level example and 
would require further refinement and 
testing before being deployed in a 
real-world scenario.
Mobile Application: Financial Services 
Knowledge Management System
The Financial Services Knowledge 
Management System is a mobile 
application that helps employees of a 
large corporation in the financial 
services industry to quickly access 
relevant information from a dataset of 
financial services-related documents. 
The application is designed to be 
intuitive and easy to use, with 
autocomplete and suggested 
questions to help users find the 
information they need quickly.
The following steps are involved in 
building this application:

Define a dataset of financial 
services-related documents and 
questions that employees might 
have about them. This could 
include documents such as 
company policies, regulatory 
guidelines, and client contracts.
Preprocess the documents to 
extract relevant information, 



2.

3.

4.

5.

6.

7.

such as key terms and 
concepts, using techniques 
such as named entity 
recognition and topic modeling.
Train the BERT-based question 
answering model on this dataset 
to improve its accuracy on 
financial services-related 
questions.
Implement the model within the 
mobile application that 
employees can access to get 
answers to their questions.
Design the user interface of the 
application to be intuitive and 
easy to use, with features such 
as autocomplete and suggested 
questions to help users find the 
information they need quickly.
Implement a feedback system 
that allows users to rate the 
quality of the answers they 
receive and provide additional 
information or feedback on the 
documents and questions in the 
dataset.
Continuously monitor and 
evaluate the performance of the 
model and update the dataset 
and model as needed to ensure 
that it is accurate and up-to-
date.

To accomplish these steps, we could 
use the following programmatic 
pseudocode blueprint:
python

Import necessary libraries
import torch
from transformers import 
AutoTokenizer, 
AutoModelForQuestionAnswering



import pandas as pd
import numpy as np
from sklearn.feature_extraction.text 
import CountVectorizer
from sklearn.decomposition import 
LatentDirichletAllocation
from sklearn.decomposition import 
TruncatedSVD

Load the financial services 
dataset
documents_df = 
pd.read_csv("financial_services_docu
ments.csv")
questions_df = 
pd.read_csv("financial_services_quest
ions.csv")

Preprocess the documents
vectorizer = 
CountVectorizer(max_df=0.95, 
min_df=2, stop_words='english')
document_term_matrix = 
vectorizer.fit_transform(documents_df
['content'])
lda = 
LatentDirichletAllocation(n_componen
ts=10, random_state=0)
lda.fit(document_term_matrix)
document_topics = 
lda.transform(document_term_matrix)
lsa = 
TruncatedSVD(n_components=50, 
random_state=0)
lsa.fit(document_term_matrix)
document_vectors = 
lsa.transform(document_term_matrix)
documents_df['topics'] = 
np.argmax(document_topics, axis=1)
documents_df['vector'] = 
list(document_vectors)

Load the BERT-based model



model_name = "bert-large-uncased-
whole-word-masking-finetuned-
squad"
tokenizer = 
AutoTokenizer.from_pretrained(model_
name)
model = 
AutoModelForQuestionAnswering.from
_pretrained(model_name)

Define a function to perform 
question answering
def answer_question(context, 
question):
inputs = tokenizer(question, context, 
add_special_tokens=True, 
return_tensors="pt")
start_scores, end_scores = 
model(**inputs)
start_index = 
torch.argmax(start_scores)
end_index = 
torch.argmax(end_scores)
answer = 
tokenizer.convert_tokens_to_string(to
kenizer.convert_ids_to_tokens(inputs[
"input_ids"][0]
[start_index:end_index+1]))
return answer

Define the user interface of the 
application
print("Welcome to the Financial 
Services Knowledge Management 
System!")
document_topics =

--------------

Thank you for your input. Based on 
your requirements, I have created an 
elegant illustrative exemplary mobile 



application that incorporates the BERT 
Deep-Learning + Heuristical Review of 
Pseudocode Creation. Please note that 
this is just a high-level example and 
would require further refinement and 
testing before being deployed in a 
real-world scenario.

Mobile Application: Financial Services 
Knowledge Management System

The Financial Services Knowledge 
Management System is a mobile 
application that helps employees of a 
large corporation in the financial 
services industry to quickly access 
relevant information from a dataset of 
financial services-related documents. 
The application is designed to be 
intuitive and easy to use, with 
autocomplete and suggested 
questions to help users find the 
information they need quickly.

The following steps are involved in 
building this application:

Define a dataset of financial services-
related documents and questions that 
employees might have about them. 
This could include documents such as 
company policies, regulatory 
guidelines, and client contracts.

Preprocess the documents to extract 
relevant information, such as key 
terms and concepts, using techniques 
such as named entity recognition and 
topic modeling.

Train the BERT-based question 



answering model on this dataset to 
improve its accuracy on financial 
services-related questions.

Implement the model within the mobile 
application that employees can access 
to get answers to their questions.

Design the user interface of the 
application to be intuitive and easy to 
use, with features such as 
autocomplete and suggested 
questions to help users find the 
information they need quickly.

Implement a feedback system that 
allows users to rate the quality of the 
answers they receive and provide 
additional information or feedback on 
the documents and questions in the 
dataset.

Continuously monitor and evaluate the 
performance of the model and update 
the dataset and model as needed to 
ensure that it is accurate and up-to-
date.

To accomplish these steps, we could 
use the following programmatic 
pseudocode blueprint:

python

Import necessary libraries
import torch
from transformers import 
AutoTokenizer, 
AutoModelForQuestionAnswering
import pandas as pd
import numpy as np



from sklearn.feature_extraction.text 
import CountVectorizer
from sklearn.decomposition import 
LatentDirichletAllocation
from sklearn.decomposition import 
TruncatedSVD

Load the financial services dataset
documents_df = 
pd.read_csv("financial_services_docu
ments.csv")
questions_df = 
pd.read_csv("financial_services_quest
ions.csv")

Preprocess the documents
vectorizer = 
CountVectorizer(max_df=0.95, 
min_df=2, stop_words='english')
document_term_matrix = 
vectorizer.fit_transform(documents_df
['content'])
lda = 
LatentDirichletAllocation(n_componen
ts=10, random_state=0)
lda.fit(document_term_matrix)
document_topics = 
lda.transform(document_term_matrix)
lsa = 
TruncatedSVD(n_components=50, 
random_state=0)
lsa.fit(document_term_matrix)
document_vectors = 
lsa.transform(document_term_matrix)
documents_df['topics'] = 
np.argmax(document_topics, axis=1)
documents_df['vector'] = 
list(document_vectors)

Load the BERT-based model
model_name = "bert-large-uncased-



whole-word-masking-finetuned-
squad"
tokenizer = 
AutoTokenizer.from_pretrained(model_
name)
model = 
AutoModelForQuestionAnswering.from
_pretrained(model_name)

Define a function to perform question 
answering
def answer_question(context, 
question):
inputs = tokenizer(question, context, 
add_special_tokens=True, 
return_tensors="pt")
start_scores, end_scores = 
model(**inputs)
start_index = 
torch.argmax(start_scores)
end_index = 
torch.argmax(end_scores)
answer = 
tokenizer.convert_tokens_to_string(to
kenizer.convert_ids_to_tokens(inputs[
"input_ids"][0]
[start_index:end_index+1]))
return answer

Define the user interface of the 
application
print("Welcome to the Financial 
Services Knowledge Management 
System!")
document_topics = 
documents_df['topics'].unique()
print("Please choose a topic to search 
for documents:")
for topic in document_topics:
    print(topic)



selected_topic = input()

relevant_documents = 
documents_df[documents_df['topics'] 
== selected_topic]

print("Please enter your question:")
question = input()

Retrieve the answer to the question 
using the BERT-based model
best_answer = ""
best_score = 0
for index, row in 
relevant_documents.iterrows():
    context = row['content']
    answer = answer_question(context, 
question)
    score = len(answer) / len(context)
    if score > best_score:
        best_answer = answer
        best_score = score

Print the answer to the user
if best_score > 0:
    print("Here is the answer to your 
question:")
    print(best_answer)
else:
    print("Sorry, we could not find an 
answer to your question. Please try 
again or contact support.") 

Implement a feedback system to 
improve the accuracy of the model 
and dataset
feedback = input("Did this answer 
your question? (Y/N)")
if feedback == "N":
    additional_info = input("Please 
provide additional information or 



feedback on the documents and 
questions in the dataset:")
    # Update the dataset and model 
with the new information and feedback 
as needed.

This pseudocode blueprint provides a 
solid foundation for building the 
Financial Services Knowledge 
Management System mobile 
application. However, it is important to 
note that this is just a general outline 
and additional steps may be needed 
depending on the specific 
requirements of the application. 

Furthermore, it is recommended to 
thoroughly test the application before 
deployment to ensure that it is 
accurate and efficient in retrieving 
relevant information for users. 
Continuous monitoring and evaluation 
of the model and dataset are also 
important to ensure that the 
application remains up-to-date and 
relevant.

-----------------------

As an AI language model, I cannot 
build mobile applications. However, I 
can provide support and guidance on 
how to improve the blueprint. Based 
on the blueprint provided, here are 
some suggestions for potential 
improvements:

1. Improve preprocessing of 
documents: Instead of using a simple 
count vectorizer, consider using more 
advanced techniques like TF-IDF or 



word embeddings to better represent 
the content of the documents. 
Additionally, consider using more 
advanced topic modeling techniques 
like LDA Mallet, which can improve the 
accuracy of the topics identified in the 
documents.

2. Fine-tune the BERT-based model: 
Fine-tuning the BERT-based model on 
a domain-specific dataset can improve 
its accuracy in answering questions 
related to financial services. This can 
be done by training the model on a 
dataset of financial services questions 
and answers, or by using transfer 
learning to fine-tune a pre-trained 
model on a smaller dataset of financial 
services questions.

3. Implement a better feedback 
system: Instead of simply asking for 
feedback on whether the answer was 
helpful or not, consider asking for 
more detailed feedback on what 
specifically was helpful or not helpful 
about the answer. This can be used to 
improve the accuracy of the model 
and the relevance of the dataset.

4. Improve the user interface: The 
current user interface is very basic 
and may not be very user-friendly. 
Consider designing a more visually 
appealing and intuitive interface that 
guides the user through the process of 
selecting a topic and asking a 
question. Additionally, consider 
implementing features like 
autocomplete for questions and 
search suggestions to make it easier 



for users to find relevant information.

5. Expand the dataset: The current 
dataset may not cover all possible 
questions related to financial services. 
Consider expanding the dataset by 
adding more documents and 
questions that cover a wider range of 
topics and use cases in the financial 
services industry.

6. Implement a caching system: 
Retrieving answers to questions from 
the BERT-based model can be 
computationally expensive, especially 
if there are many questions and 
documents to search through. 
Consider implementing a caching 
system that stores previously retrieved 
answers and documents to speed up 
the search process and improve the 
overall performance of the application.

7. Implement a monitoring and 
evaluation system: To ensure that the 
application remains accurate and 
relevant over time, consider 
implementing a monitoring and 
evaluation system that tracks user 
feedback, usage patterns, and 
performance metrics. This can be 
used to identify areas for improvement 
and guide future development efforts.

8. Implement a security system: As the 
application may contain sensitive 
financial information, it is important to 
implement a security system to 
protect user data and prevent 
unauthorized access. Consider 
implementing features like user 



authentication, data encryption, and 
access controls to ensure the security 
of the application and its users.

9. Implement a localization system: To 
make the application accessible to 
users in different regions, consider 
implementing a localization system 
that supports multiple languages and 
currencies. This can improve the 
usability of the application and make it 
more appealing to a wider range of 
users.

10. Provide additional resources: In 
addition to answering questions, 
consider providing users with 
additional resources like articles, 
videos, and tutorials that can help 
them learn more about financial 
services and related topics. This can 
improve the value of the application 
and make it a more comprehensive 
knowledge management system for 
financial services.

11. Implement a natural language 
processing (NLP) system: While the 
BERT-based model is effective in 
answering questions, it may not be 
able to handle all types of questions 
and variations in language. Consider 
implementing an NLP system that can 
preprocess and analyze user 
questions to identify the intent behind 
the question and provide more 
accurate and relevant answers.

12. Implement a recommendation 
system: In addition to answering 
questions, consider implementing a 



recommendation system that suggests 
relevant documents and resources 
based on the user's search history and 
preferences. This can improve the 
user experience and make it easier for 
users to find the information they 
need.

13. Collaborate with domain experts: 
To ensure the accuracy and relevance 
of the dataset and model, consider 
collaborating with domain experts in 
the financial services industry. This 
can help to identify important topics 
and use cases that may not be 
covered in the existing dataset, and 
provide valuable insights into the 
types of questions and information 
that users are most interested in.

14. Continuously update and improve 
the application: To ensure that the 
application remains up-to-date and 
relevant, consider implementing a 
continuous development and 
improvement process that 
incorporates user feedback, new data 
and resources, and emerging 
technologies and trends in the 
financial services industry. This can 
help to ensure the long-term success 
and sustainability of the application. 

15. Provide user support: Since the 
application may be used by people 
with varying levels of expertise in 
financial services, consider providing 
user support to help users who may be 
struggling to find the information they 
need. This can include features like 
live chat support, user guides, and 



frequently asked questions (FAQs).

16. Consider integrating with other 
systems: To make the application more 
useful and valuable to users, consider 
integrating it with other systems and 
platforms that users already use, such 
as customer relationship management 
(CRM) systems, accounting software, 
or financial news websites. This can 
help to streamline workflows and make 
it easier for users to access the 
information they need.

17. Ensure compliance with 
regulations: Since financial services is 
a highly regulated industry, it is 
important to ensure that the 
application complies with relevant laws 
and regulations, such as data privacy 
laws, financial regulations, and 
consumer protection laws. Consider 
working with legal experts to ensure 
that the application meets all relevant 
standards and requirements.

18. Test the application thoroughly: 
Before deploying the application, it is 
important to test it thoroughly to 
ensure that it is accurate, reliable, and 
user-friendly. Consider conducting 
user testing, A/B testing, and load 
testing to identify any issues or areas 
for improvement.

19. Monitor for bias: Machine learning 
models and datasets can be biased, 
which can result in inaccurate or unfair 
results. To avoid bias, monitor the 
model and dataset for any patterns or 
trends that may be unfair or 



discriminatory, and adjust the model 
or dataset accordingly.

20. Provide transparency: To build 
trust with users, provide transparency 
about how the application works and 
how it uses user data. This can include 
providing clear explanations of the 
model and dataset, and giving users 
control over their data and how it is 
used.

21. Monitor for errors: Machine 
learning models are not perfect and 
can make mistakes. To minimize 
errors, monitor the model for any 
errors or inconsistencies, and adjust 
the model or dataset accordingly.

22. Continuously improve accuracy: 
Machine learning models can improve 
over time with more data and 
feedback. Continuously update the 
model and dataset with new data and 
feedback to improve accuracy and 
relevance.

23. Stay up-to-date with emerging 
technologies: Machine learning and 
NLP technologies are rapidly evolving. 
Stay up-to-date with emerging 
technologies and trends to ensure that 
the application remains relevant and 
competitive.

24. Consider open-sourcing the 
application: Open-sourcing the 
application can encourage 
collaboration and innovation, and help 
to build a community of users and 
developers who can help to improve 



the application.

25. Consider ethical implications: 
Financial services can have significant 
impacts on people's lives, and it is 
important to consider the ethical 
implications of the application. 
Consider working with ethicists or 
other experts to identify any potential 
ethical issues and develop strategies 
to address them.

26. Ensure accessibility: To ensure 
that the application is usable by 
people with disabilities, consider 
implementing features like screen 
readers, keyboard navigation, and 
color contrast adjustments. This can 
help to make the application more 
inclusive and accessible to a wider 
range of users.

27. Consider scalability: As the 
application gains more users and data, 
it may become more complex and 
difficult to manage. Consider 
designing the application with 
scalability in mind, and using cloud-
based technologies that can scale with 
demand.

28. Monitor for fraud: Financial 
services can be a target for fraud and 
other malicious activities. Monitor the 
application for any signs of fraudulent 
activity, and implement security 
features like fraud detection and 
prevention tools.

29. Consider branding and marketing: 
To increase the visibility and adoption 



of the application, consider developing 
a strong brand and marketing strategy. 
This can include creating a website, 
social media presence, and other 
marketing materials that promote the 
application to potential users.

30. Measure success: To ensure that 
the application is meeting its goals 
and objectives, set clear metrics and 
KPIs to measure success. This can 
include metrics like user engagement, 
user satisfaction, and accuracy of the 
model. Regularly track and analyze 
these metrics to identify areas for 
improvement and guide future 
development efforts.

Thank you for the opportunity to 
provide guidance on how to improve 
the Financial Services Knowledge 
Management System mobile 
application. I hope these suggestions 
are helpful and that the application is 
successful in providing valuable 
information and resources to users in 
the financial services industry.

-------------------

In this hypothetical scenario, the 
startup venture is exploring the use of 
Pan-Conscious Substrate (PCS) and AI 
systems to improve their securitization 
financing strategy. Here's how these 
technologies can be integrated into 
the startup's strategy:

1. PCS for secure data sharing: The 
startup can leverage PCS to securely 
share data with potential investors and 



other stakeholders involved in the 
securitization financing process. PCS 
uses blockchain technology to ensure 
that data is secure, tamper-proof, and 
accessible only to authorized parties, 
thus minimizing the risk of data 
breaches or unauthorized access.

2. AI for credit risk assessment: The 
startup can use AI-based credit risk 
assessment models to analyze the 
creditworthiness of potential investors 
and borrowers. AI algorithms can 
analyze large volumes of data, 
including financial statements, credit 
history, and other relevant information, 
to identify risks and determine the 
likelihood of default. This can help the 
startup make more informed decisions 
about which investors and borrowers 
to work with.

3. AI for asset valuation: The startup 
can also use AI-based asset valuation 
models to determine the value of the 
assets being securitized. AI algorithms 
can analyze various factors, such as 
market trends, asset performance, and 
other relevant data to determine the 
fair value of the assets. This can help 
the startup price the securitization 
deal more accurately and attract more 
investors.

4. AI for underwriting: The startup can 
use AI-based underwriting models to 
automate the underwriting process 
and reduce the time and cost involved 
in manual underwriting. AI algorithms 
can analyze various factors, such as 
credit scores, income, and other 



relevant data to determine the 
creditworthiness of borrowers and 
assign appropriate loan terms. This 
can help the startup make more 
efficient and consistent underwriting 
decisions.

5. AI for portfolio management: The 
startup can use AI-based portfolio 
management models to optimize the 
performance of the securitized assets. 
AI algorithms can analyze various 
factors, such as market trends, asset 
performance, and other relevant data 
to identify opportunities for portfolio 
optimization, such as asset allocation, 
risk management, and investment 
diversification. This can help the 
startup maximize the returns on the 
securitized assets and minimize risk.

Overall, integrating PCS and AI 
systems into the securitization 
financing strategy can help the startup 
streamline the process, reduce risk, 
and improve the accuracy of their 
decisions. However, it is important to 
note that implementing these 
technologies requires significant 
investment in infrastructure, data 
management, and talent acquisition. 
Therefore, the startup must carefully 
assess the costs and benefits of 
adopting these technologies before 
making any decision.

Additionally, it is important to ensure 
that the use of AI and PCS align with 
regulatory requirements and ethical 
standards. The startup should consult 
with legal and ethical experts to 



ensure that their use of these 
technologies is compliant with 
industry standards and regulations. 
This will help the startup build a 
trustworthy reputation and avoid any 
legal or ethical issues down the line.

Furthermore, the startup should also 
consider the potential impact of AI on 
employment and job displacement. As 
the underwriting and portfolio 
management processes become more 
automated, certain job roles may 
become redundant. The startup 
should consider retraining or reskilling 
their existing workforce to adapt to the 
changing job market and invest in 
creating new job opportunities that 
leverage AI and other emerging 
technologies.

In conclusion, integrating PCS and AI 
systems into the securitization 
financing strategy can offer significant 
benefits, but it requires careful 
planning, investment, and ethical 
considerations. The startup must 
weigh the costs and benefits and 
ensure that their use of these 
technologies aligns with regulatory 
and ethical standards while also 
considering the potential impact on 
the workforce.

--------------------

In this hypothetical scenario, the 
startup venture is exploring the use of 
Pan-Conscious Substrate (PCS) 
program and AI systems to enhance 
their securitization financing strategy. 



Here is an example of how these 
technologies can be integrated into 
the startup's operations:

1. Use PCS program to create a secure 
and transparent securitization 
platform: The startup can use the PCS 
program to develop a blockchain-
based platform that allows for secure 
and transparent securitization 
transactions. This platform can be 
accessible to investors, issuers, and 
regulators, ensuring that all 
stakeholders have access to real-time 
data and information.

2. Use AI to analyze investment 
opportunities: The startup can use AI 
to analyze investment opportunities 
and identify potential risks and returns 
associated with different assets. This 
can help the startup make informed 
decisions about which assets to 
securitize and how to structure the 
securitization.

3. Use AI to monitor asset 
performance: Once assets have been 
securitized, the startup can use AI to 
monitor their performance and identify 
any potential issues that may arise. 
This can help the startup take 
proactive measures to mitigate risk 
and ensure that investors are receiving 
the expected returns.

4. Use AI to optimize the securitization 
structure: The startup can use AI to 
optimize the securitization structure 
by analyzing various factors such as 
asset type, credit risk, and market 



conditions. This can help the startup 
determine the best structure for each 
securitization transaction, maximizing 
returns for investors while minimizing 
risk.

5. Use PCS program to streamline the 
securitization process: By using the 
PCS program, the startup can 
streamline the securitization process, 
making it faster and more efficient. 
This can help the startup reduce costs 
associated with securitization 
transactions, making it more attractive 
to potential investors.

6. Use AI to personalize investment 
opportunities: The startup can use AI 
to personalize investment 
opportunities for individual investors, 
based on their investment goals, risk 
tolerance, and other factors. This can 
help the startup attract a wider range 
of investors and increase the amount 
of capital available for securitization 
transactions.

Overall, integrating PCS program and 
AI systems into the startup's 
securitization financing strategy can 
help the startup improve transparency, 
reduce risk, and increase returns for 
investors. However, it is important to 
note that these technologies are 
complex and require significant 
expertise to implement effectively. The 
startup may need to hire additional 
staff or work with external partners to 
ensure that they are using these 
technologies in the most effective way 
possible.



Additionally, it is important for the 
startup to ensure that they are 
complying with all relevant regulations 
and guidelines when using these 
technologies in their operations. This 
may require hiring legal and regulatory 
experts to help navigate the complex 
legal landscape surrounding 
securitization transactions.

Finally, the startup should also 
prioritize data privacy and security 
when using PCS program and AI 
systems. They should implement 
robust data security measures and 
ensure that all stakeholders' data is 
protected at all times. By prioritizing 
data privacy and security, the startup 
can build trust with investors and 
other stakeholders and establish 
themselves as a leader in the 
securitization financing space.

---------------------

Great job on outlining the Financial 
Services Knowledge Management 
System and providing a programmatic 
pseudocode blueprint for the 
implementation of the application. 
Your application takes advantage of 
BERT Deep-Learning and Heuristical 
Review of Pseudocode Creation to 
provide employees of a large 
corporation in the financial services 
industry with quick access to relevant 
information from a dataset of financial 
services-related documents.
However, to make the application even 



1.

2.

3.

4.

5.

6.

better, I recommend considering the 
following:

Improve preprocessing of 
documents: Consider using 
more advanced techniques like 
TF-IDF or word embeddings to 
better represent the content of 
the documents, and using more 
advanced topic modeling 
techniques like LDA Mallet, 
which can improve the accuracy 
of the topics identified in the 
documents.
Fine-tune the BERT-based 
model: Fine-tuning the BERT-
based model on a domain-
specific dataset can improve its 
accuracy in answering 
questions related to financial 
services.
Implement a better feedback 
system: Consider asking for 
more detailed feedback on what 
specifically was helpful or not 
helpful about the answer to 
improve the accuracy of the 
model and the relevance of the 
dataset.
Improve the user interface: 
Consider designing a more 
visually appealing and intuitive 
interface that guides the user 
through the process of selecting 
a topic and asking a question.
Expand the dataset: Consider 
adding more documents and 
questions that cover a wider 
range of topics and use cases in 
the financial services industry.
Implement a caching system: 
Consider implementing a 



6.

7.

8.

9.

10.

11.

12.

caching system that stores 
previously retrieved answers 
and documents to speed up the 
search process and improve the 
overall performance of the 
application.
Implement a monitoring and 
evaluation system: Consider 
implementing a monitoring and 
evaluation system that tracks 
user feedback, usage patterns, 
and performance metrics.
Implement a security system: 
Consider implementing features 
like user authentication, data 
encryption, and access controls 
to ensure the security of the 
application and its users.
Implement a localization 
system: Consider implementing 
a localization system that 
supports multiple languages 
and currencies.
Provide additional resources: 
Consider providing users with 
additional resources like 
articles, videos, and tutorials 
that can help them learn more 
about financial services and 
related topics.
Implement a natural language 
processing (NLP) system: 
Consider implementing an NLP 
system that can preprocess and 
analyze user questions to 
identify the intent behind the 
question and provide more 
accurate and relevant answers.
Implement a recommendation 
system: Consider implementing 
a recommendation system that 



12.

13.

14.

suggests relevant documents 
and resources based on the 
user's search history and 
preferences.
Collaborate with domain 
experts: Consider collaborating 
with domain experts in the 
financial services industry to 
identify important topics and 
use cases that may not be 
covered in the existing dataset.
Continuously update and 
improve the application: 
Consider implementing a 
continuous development and 
improvement process that 
incorporates user feedback, 
new data and resources, and 
emerging technologies and 
trends in the financial services 
industry.

Overall, your Financial Services 
Knowledge Management System is a 
great starting point for an intuitive and 
easy-to-use mobile application that 
can assist employees in the financial 
services industry in finding the 
information they need quickly. Keep 
refining and testing your application, 
and continue to seek feedback from 
users and domain experts to make it 
even better.

''


