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Abstract—With the emergence of personal finance as a highly 
complicated area of life where household wealth is spread among 
traditional equities, mutual funds, gold reserves, real estate and 
cryptographic assets, individuals and families find it 
exceptionally hard to come up with an overarching view of their 
actual financial well-being. The institutional wealth advisors 
have the means to bring these fragmented data set together, but 
its tailor made services are still beyond the reach of the average 
household. In the present paper, we present FinGenius, a 
personal wealth management and dynamic investment 
recommendation platform designed with fintech-AI-based holism 
and engineered to handle family based financial planning. 
FinGenius is comprised of a highly optimized React frontend 
connected to high throughput, asynchronous Python backend, 
providing a pain-free user experience. Its Equinox Wealth 
Advisor- a backbone artificial intelligence engine, which 
functions based on the principles of Google and Gemini Large 
Language Model (LLM), is the most significant one. It is an 
interactive chatbot which is friendly to members, comes up with 
more careful financial missions and is a ubiquitous personalized 
financial coach. In order to deliver raw and unstructured data 
into the resulting actionable intelligence FinGenius 
autonomously reads the PDFs of bank statements and processes 
them using advanced natural language processing pipelines, 
makes real-time market data aggre-gate decisions on live 
endpoints, and provides its own diagnostic tools, the most notable 
of which are the Financial Index (FinDex) and a predictive 
engine called the Personal Financial Simulation (PFSSimulation, 
which is determin In this manner, we showcase through intensive 
systemic validation how the crossroads of classical mathematical 
modeling and contemporary generative AI democratizes 
institutional-level financial planning and computation pushing it 
directly to the end-user dashboard. 

Index Terms—Personal Finance, Wealth Management, Arti- 
ficial Intelligence, Large Language Models (LLMs), FinTech, 
Investment Recommendation, Data Aggregation, Financial Sim- 
ulation 

I. INTRODUCTION 
 

In the last ten years the paradigm of individual and 

household financial contact has gone through a structural 

revolution. The generalized expansion of digital banking 

software, smooth agentage stage, and decentralized crypto-

cryptic wallets have significantly decreased the entry 

obstacle to retail investing. Having a diversified portfolio 

with a wide range of asset classes and geographical location 

is no longer the prerogative of hedge funds. The problem 

has been, however, that, along with the explosion of 

accessibility, has brought upon a grave and less recognized 

crisis of fragmentation. 

  

An average household in the modern world can have 

debts on a number of credit cards, mortgages at the same time 

owning assets in employee based retirement plans, 

independent brokerage account firms, tangible precious metals 

and expansive digital banking platforms. Such naked unco-

ordinated financial information puts a big mental burden on 

families. It is a laborious, erroneous and wholly unpredictive, 

just as consolidation of these values into spreadsheet 

manually. Raw data aggregation, in its turn, is not sufficient in 

itself, but the question arises why the information that has 

been brought together into a single piece in a much deeper 

manner needs to undergo interpretation in order to develop an 

actionable, long-term financial strategy. What human advisors 

do can be called a professional human advisor, to fill this 

interpretive loophole, yet the cost to obtain one is, in a sense, 

outlawing a significant percentage of households unable to 

afford the retainer fee. We designed FinGenius in order to 

fight such systemic inefficientities. Not merely a passive 

ledger or a budgeting visualization system, FinGenius is a 

proactive and comprehensive everywhere-digital wealth 

manager. As part of a series of connected relational databases 

assisted by some state-of-the-art generative AI networks, i.e. 

the Gemini LLM, a Google service, through controlled API 

pipelines, FinGenius then decides to pair portfolios of entire 

households with the dynamics of a real market. It generalizes 

set numeric indices and qualitative user outcomes, and 

subsequently generates individualised investment and debt cut 

programs implemented. 

with human-like nuance. 

A. Motivation and Objectives 

The underlying idea of this study is the democratization of 

financial intelligence. In the event that institutional-grade 

analytics can be made smaller, and integrated with natural 

language processing, the resulting application would be able 

to lead users to financial health and ultimate independence 

with the em- pathy and accuracy of a reliable personal 

advisor. The key goals are threefold: to reduce the workload 

of daily ledger monitoring, to offer real-time algorithmic 

analyses of present fiscal well-being, and to offer a dialogue 

and AI-only channel toward optimal capital allocation. 

B. Core Contributions 

In this paper, the engineering and theoretical 

implementation of the FinGenius platform is described which 

will involve the following new contributions to the FinTech 

ecosystem: 
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• Holistic Family Portfolio Aggregation: A developed ar- 

chitectural schema that can follow cross-asset 

investments (Stocks, Mutual Funds, Cryptocurrencies, 

Gold, Real Estate) and liabilities (Credit Cards, Personal 

Loans) of whole household units in real time, all driven 

by running market ticker data. 

• The Proprietary FinDex Score: A mathematical 

program developed over time to calculate a real-time, 

normalized diagnostic health score based on savings 

ratios, liq- uidity indicators and debt vectors. 

• Iterative PFSSimulation Engine: Deterministic 

progressive simulator to project decadal evolution of 

wealth compounding, varying risk profiles and 

macroeconomic inflation. 

• Equinox AI Advisory Engine: An interac-tive chat app 

where AI with state-of-the-art interac-tivity and prompt 

engineered pipes feed structured financial information to 

an LLM and produces hyper-personalized, contextual 

financial advice with no massive generative 

hallucinations. 

• Automated Ledger Processing: An effective backend 

pipeline accepting raw PDF bank statements, extracting 

tabular data about transactions, and categorizing 

expenditures using Natural Language Processing 

taxonomies. 

II. LITERATURE REVIEW 

The crossplacements of software engineering, artificial 

intelligence and financial services have brought the 

macroeconomics of the world radically reformed. Technology 

has traditionally been taken up as an enabler in the course of a 

transaction, the new systems are in their turn attempting to re-

plicate the intellectual thinking of the human mind in the 

arena of asset allocation. 

A. The Evolution of Financial Planning Systems 

The systems of first generations of personal wealth 

management operated in the deterministic logic. The input of 

income and expenditure information in these sites was 

performed manually and could be provided in the easy format 

of pie charts and line graphs of past. These legacy systems 

lacked forward direction of any form as much as they offered 

an excellent means to enrich knowledge of past behavior. As 

digital banking evolved, the synchronization of the crude data 

became possible thanks to Application Programming 

Interfaces (APIs). These information-based systems were 

nevertheless highly dependent on the crude pattern-matching 

to cluster costs and in most cases, were not able to categorize 

finer grained transactions well enough and lacked the ability 

to document abstract asset such as physical property or 

untraceable bullion. 

B. The Rise of Robo-Advisors and Index Automation 

The robo-advisor was invented within financial industry to 

address the guidance gap. These were automated platforms, 

they were cheap and algorithmic with investing that 

entailed placing user funds as diversified Exchange-traded 

funds (ETFs) in response to basic intake questionnaires that 

assessed age and global risk tolerance. These risk-neutral 

decision mechanisms were hugely effective in indexing 

with hands-off investments, keeping portfolio balance 

mathematically optimum without any human input. 

  

intervention. But they were infamously strict: they are unable 

to address the query of conversation about abrupt alterations 

in life, of such a thing that the user has a personalized debt 

history. 

 

C. Large Language Models in FinTech 

The latest development in digital wealth management that 

has the highest impact is the use of Large Language Models. 

In contrast to fixed algorithms that run known conditional 

logic, LLMs can be fed and generative of natural language 

and can put under consideration abstract human conditions 

with a great degree of fluency. The most recent uses of LLMs 

in finance include both sentiment analysis of trading news of 

high-frequency trading and even serving as personal financial 

assistants. Implementation of a generalized LLM to manage 

the personal wealth, however, comes at a significant risk of 

hallucination, i.e., the creation of advice that is 

mathematically impossible or the creation of asset values. 

FinGenius completely eliminates this threat by limiting the 

LLM to a Financial Context Payload, which is based on 

authenticated real-time database feeds. 

 

III. SYSTEM ARCHITECTURE AND MICROSERVICES 

PIPELINE DESIGN 

FinGenius architecture goes beyond the traditional 

monolithic application architecture. We designed an 

extremely decou- pled, microservice-inspired topology, which 

isolates the user interface, main processing backend, streams 

of real-time data ingestion, and the external AI generation 

modules to separate, independently maintainable layers. 

 

 
Fig. 1. The FinGenius Core System Architecture Block Diagram highlighting 
data flows between the React frontend, Python API, and the Equinox Gener- 
ative AI Engine. 



The system is based on an inher- ently asynchronous flow 

as shown in Figure 1. The state mutations on the client-side 

are forwarded through HTTPS protocols to the Python 

backend node, which safely arbitrates each request by 

authentication middleware and then executes SQL query or an 

API handshake. 

 

A.  The Client-Side User Interface and UX Design Philosophy 

Presentation layer is developed under the Vite build 

toolchain using react.js that is firmly integrated. The Hot 

Module Replacement (HMR) architecture of Vite provides a 

dramatic reduction in the development times, with large 

amounts of complex financial charts immediately rendered in 

the application dashboard and are not associated with visual 

artifacts, or lag. An interface is designed with the help of the 

TailwindCSS utility-first framework that allowed developing 

a responsive, unified, and visually clean dashboard in the 

shortest possible time. The main starting point of users is 

presented in Figure 2, reflecting the concurrent display of the 

diagnostic FinDex score, as well as the Equinox AI chat 

interface. 

 

 
Fig. 2. The FinGenius Interactive Wealth Dashboard featuring the FinDex 
score, multi-asset allocation visualization, and the Equinox Advisor chat 
interface. 

 

 

B. The Robust Backend and ORM Mapping 

The logic is written in Python to satisfy the intensive I/O 

demands of parallel API fetches and simultaneous queries to 

the local database, using the Uvicorn Asyn- chronic Server 

Gateway Interface (ASGI) and the FastAPI framework. This 

non-blocking model is crucial: as the system asks YFinance 

servers to provide information on the live pricing of equities, 

it does not block a processing queue on behalf of competing 

requesting users. 

Data persistence is managed securely on disk through 

an SQLite database accessed via SQLAlchemy’s Object- 

Relational Mapping (ORM) and aiosqlite. The database 

schema is rigorously normalized, isolating entities into 

distinct tables including users, household_profiles, 

financial_profiles, crypto_wallets, and 

expense_categories. This design enforces atomic 

transactions—if an AI processing event fails at any point, the 

user’s ledger remains completely uncorrupted. 

IV. DETAILED CORE METHODOLOGICAL FRAMEWORK 

AND ALGORITHMIC MODULES 

FinGenius splits the highly technical process of financial 

engineering into movable subsystems, which are geared 

towards managing a particular aspect of family wealth. It 

determines in this section the mathe- matical and algorithmic 

rigor of the application. 

A. Data Security, Privacy, and Authentication Flow 

Since sensitive financial data is highly risky to handle in 

regulatory and personal spheres, the main engineering 

consideration was to leave a secure security perimeter. The 

architecture, the FinGenius, does not use cookies when 

carrying out a particular session, but rather stateless 

transmission using JSON Web Tokens (JWT). 

 

 
Fig. 3. Data Security and Privacy Architecture illustrating the JWT validation, 
PII anonymization, and SQLite encrypted storage barriers prior to reaching 
the external LLM. 

 

The security perimeter is represented by figure 3. An HTTP 

request is fired and, first, it arrives at the API Gateway. The 

middle- ware is a decryption of the cryptographic signature of 

the JWT that is handled by HMAC-SHA256 algorithm. In case 

of a token verification as valid, the request is sent to an AI 

Sanitization Filter. This filter is a very important protective 

measure: prior to any type of user data being sent to the third-

party Google Gemini LLM API, all Personally Identifiable 

  



n Σ 

Account numbers are hashed and stripped to create 

information (PII). The external generation engine is only fed 

with stern mathematical context (e.g. user has a debt of 

$45,000 and liquid assets of 12,000) so that the third-party 

LLM provider has no information to recreate the information 

about the real user. 

B. Family Portfolio and Cross-Asset Aggregation 

In contrast to the standard financial applications that 

simplify to the indi-ividual user, FinGenius has a family level 

complexity that mathematically represents the complexity at 

the household level as household-profiles. One household 

profile is like an umbrella and it binds a number of 

independent user accounts in a secure way. The system 

calculates the combined net worth (NW ) of the entire family 

by constantly accessing real-time market information on a 

variety of asset vectors. 

The foundational net worth equation integrates assets (A) 

against liabilities (L) for all n members of household H: 

processing of standard transactions—for instance, identifying 

“UBER MKT” as a Transport expense. Only when this heuris- 

tic fails does the engine invoke the more computationally ex- 

pensive secondary LLM classification call, thereby optimizing 

overall time complexity. 

D. FinDex: The Diagnostic Financial Health Index 

The conventional budgetary instruments will dictate cost 

thresholds, but do not measure the structural soundness of the 

larger financial position of a user. In order to fill this gap, we 

designed the FinDex score, which is an algorithmic score that 

transforms a complex financial matrix of a user into a 

normalized (understandable) 0 to 100 value. 
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In this context, 0: is the dynamically moving fiat value of a 

particular asset (e.g. the multiplier of a crypt currency at a 

token which is recaclculated and re-calculated at live 

exchange rates received over asynchronous WebSockets), and 

0: is the current principal at each credit mechanism. 

C. Automated Ledger Analysis Engine 

The most formidable enemy of a regular financial 

monitoring is friction. FinGenius will include an ingestion 

engine that is automated to remove the manual work from the 

transaction entry process. Users submit official PDF bank 

statements, which the system process according to the 

hierarchy, as defined by the routine used in Algorithm . 1. 
 

Algorithm 1 Automated Extract and Classify Routine 
 

 

Require: PDF Bank Statement S 
Ensure: Structured DB Injection D 

1: Text Extraction: T ← 

pdfplumber.extract_text(S) 
2: Tokenization: Split T into lines L 
3: for each line l in L do 

4: if l matches Regex_Transaction_Format then 

5: Date d, Desc desc, Amt amt ← parse(l) 
6: Class C ← NLP_Match(desc, KnowledgeBase) 
7: if C == Unknown then 

8: C ← LLM_Classification(desc) 
9: end if 

10: Append (d, desc, amt, C) to D 
11: end if 

12: end for 

13: Execute Asynchronous SQLite bulk INSERT mapping to 

expense_entries 
 

 

The algorithm begins with a deterministic keyword- 

matching heuristic (the KnowledgeBase) to ensure rapid 

 
 

 

 
 

 

 
 

 

 

 

 

 
 

 

 
 

 

 

 
Fig. 4. Architectural logic of the proprietary FinDex Algorithm, demonstrat- 
ing the processing of localized financial vectors into a normalized output 
index. 

 

Because FinDex score is the ultimate measure of the 

financial stability of a household as illustrated in the logical 

progression of Figure 4, the score relies on several other 

measures. The algorithm takes into account the weighted 

addition of the four key sub- Indexes: Savings Rate (Sr), 

Debt- to-Income Ratio (DTI), Emergency Fund Capacity (Ef ) 

and Asset Diversification Index (ADI). It is generalized by the 

calculation: 

 

FinDex = ω1f1(Sr) + ω2f2(DTI) + ω3f3(Ef ) + ω4f4(ADI) 
(2) 

The importance of the FinDex is that it has normalization 

matrices (fn). There should be more than just a linear 

relationship; the rate of saving money is not enough to offset a 

high debt at extreme interest rates. The system thus uses non-

linear sig- moid penalties. The debt analysis function, e.g., is 

purposefully created with punitive effect on the overall FinDex 

score. 

  



    

2 
1 + e−k(DTI−µ) 

exponentially beyond certain crucial levels of Debt-to-Income 

ratio. Sigmoidal decay function of Debt-to-Income penalty 

f2(DTI) is described as follows: 

f (DTI) = 25 ×

  

1 − 
 1 

 

(3) 

 

where k determines the steepness of the penalty curve 

around the acceptable threshold µ, standardized at approxi- 

mately 36% DTI. 

E. PFSSimulation: Personal Financial Simulation 

The present is predicted by the FinDex and the future is 

projected by the PFSSimulation module. This deterministic 

mathematical engine is based on the principle of compound 

growth and estimates a variety of trajectories describing 

wealth accumulation over decades. 

The simulation uses the different weightings on the 

expected yields and constraints on volatility by applying 

different mathematical weightings to the risk profile assigned 

to the user (Conservative, Moderate, or Aggressive). The 

algorithm is based on the compound annuity formula.: 

Figure 5 shows output sequences based on the PFS- 

Simulation engine and provides the user with a highly 

graphical depiction of the compounding effect of apparent 

trivial changes to their existing savings rate on whether they 

will retire with significant amounts of capital in the end. 

Through the visualisation of this mathematics in the React 

frontend through regular HTML canvas graphing libraries, the 

mental halting that has typically characterized retirement 

planning is greatly diminished. 

F. The Equinox AI Wealth Advisor 

The most innovative element of the FinGenius ecosystem is 

the Equinox Advisor  a Generative AI integra- tion that 

operates as an on-demand fiduciary. Gone between with 

numbers and individual instructions. 

 

FVn = P 
(1 + (r − i))n − 1 

 
 

r − i 
· (1 + ρ)n (4) 

Each individual will be identified as: P = the contribution 

capacity as determined by the user using the annual savings 

rate, r = the predicted result of the portfolio investment 
dependent on the current asset allocation in the portfolio, i 

= infla- tion drag on macroeconomic variables, and 8 will 

be the projected annual rate of salary increase. 

 

 

 

 

 

 
 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 

 
Fig. 5. Decadal Wealth Projection graph mapping the exponential growth 
variance between differing portfolio risk models generated by the PFSSimu- 
lation module. 

Fig. 6. Logical Operational Flow of the Equinox AI Advisor, showcasing the 
synthesis of user intent with database context prior to LLM generation. 

 

Figure 6 illustrates the main architecture of Large Language 

Models, which includes the capabilities of these models to do 

advanced natural language processing. To guarantee that the 

AI-generated economical, contextually aware 

recommendations, Equinox operates as a Retrieval-

Augmented Generation (RAG) system. When the chat 

interface sends the query to the AI (i.e., the user enters a query 

e.g., Given my current balances, how should I tackle my two 

credit cards?), it is intercepted at the backend where it is 

processed as follows: 

1) It securely retrieves the user’s exact loan balances, 

interest rates, and current liquid capital from the 

aiosqlite connection. 

2) It aggregates this data into an anonymized Financial 

Context Payload. 

3) It appends the user’s original query to this payload, 

alongside strict system instructions mandating the AI 



to calculate answers based exclusively on the provided 

context, thereby nullifying the risk of LLM hallucina- 

tion. 

4) The synthesized prompt is securely transmitted to the 

Google Gemini API endpoint via an asynchronous 

HTTP request. 

5) The localized, high precision response is reduced back 

to the user interface in stylized Markdown, then the 

frontend is used to automatically create structured tables 

representing precise repayment programs. 

V. EXTENSIVE USE-CASE ANALYSIS AND SYSTEM 

IMPLEMENTATION 

In order to effectively test the usefulness of FinGenius, we 

review an extensive use-case simulation of a realistic family 

interaction loop. 

Consider a dual-income household entering the ecosystem. 

User A uploads a native PDF representation of their checking 

account ledger. The document is autonomously parsed, up- 

dating the expense_entries table and classifying $1,200 

as Housing, $400 as Dining, and $800 as Debt Servicing. 

A. Backend Throughput and Latency Profiling 

Use of highly interactive financial dashboards necessarily 

implies sub-second latency. Using regular synchronous 

Python (e.g. typical WSGI frameworks) would have created 

extreme bottlenecks in parsing 20- page PDF bank statements 

at the same time as live market data are being fetched. 

Improvements in performance were significant when electing 

to use ASGI and the aiosqlite connector. Simulations of multi-

user concurrent interactions with the performance of the 

database system have shown that raw database schema queries 

and response times were always less than 10-45 milliseconds. 

The most computationally intensive processes, which are 

the execution of the PDF OCR heuristic, as well as the 

creation of a semantic exchange between the Google Gemini 

LLM API, took 3.5 and 4.2 seconds on average. Importantly, 

the non-blocking nature guaranteed that such long operations 

did not block the convised activities of secondary users 

observing the PFSSimulation. 

 
TABLE I 

SYSTEM LATENCY UNDER MODERATE LOAD (SIMULATION) 

Concurrently, User B inputs their cryptocurrency wallet ledger   

containing $5,000 in Bitcoin and registers a manual entry 

indicating a $200,000 algorithmic stock portfolio. 

Background worker routines at once call yfinance hooks. 

The value in the stock portfolio is dynamically changed to the 

market close in a millisecond, whereas the Bitcoin valuation is 

requested through CCXT REST APIs. These disparate values 

are normalized into standard fiat representation (USD) by the 

dashboard and becomes the results of the React DOM by 

WebSocket listeners. 

FinDex engine gets a composite score of 62 (Fair). 

Although there has been healthy asset accumulation (f1), the 

Debt Servicing burden is so high that it hurts the multiplier 

(f2). Looking at the yellow UI alert on the FinDex ring chart, 

User A asks the Equinox AI Engine: Is Our FinDex was 

lowered by debt. We have an additional 500 a month. How 

best to allocate? 

The backend removes all PII and wraps the mathematical 

context the $800 debt servicing requirement, the $500 surplus 

variable and the precise vectors of the APRs of their credit 

accounts in form of a structured prompt. This prompt is 

processed by Google Gemini that performs a comparative 

check between Avalanche and Snowball methods of debts 

reduction. The AI will give you a synthesized paragraph and a 

mathematical table of how accepting a deploy $350 to the 

most interest loan when contributing to diversified index 

funds 150 will grow the FinDex of the household by 12 points 

in two fiscal quarters. 

VI. EVALUATION, RESULTS, AND THROUGHPUT METRICS 

The evaluation framework of the FinGenius platform tar- 

geted three primary metrics: computational latency during 

high-stress asynchronous fetches, algorithmic resilience of 

the FinDex scoring system, and the qualitative accuracy of 

Equinox AI generation. 

Task Operation Req/Sec Mean Latency P99 Latency 
 

 

SQLite Schema Query 500 12 ms 45 ms 
YFinance Fetch 50 810 ms 1.2 s 
PDF Statement Parse 10 2.1 s 3.8 s 
Equinox LLM Response 5 4.2 s 6.1 s 

 
 

 

 

B. FinDex Validation and Accuracy Benchmarking 

Synthetic stress testing was necessary in order to have the 

proprietary FinDex to effectively and consistently measure 

financial resilience. A systematic test program was used to 

produce a thousand different, randomized user profiles with 

great variance in cash flow stability, debt ceilings, and 

liquidity of their assets. The sigmoidal impositions which 

were applied in formulation of the cor- rectly identified 

structural weaknesses: synthetic profile with debt-to-income 

ratio constitutively above 45% was properly placed in the 15-

38 score range, raising system warnings to the end user. On 

the other hand, profiles that allow a variety of mutual fund 

ownerships and six months emergency liquid capital barely 

ever slipped out of the 8296 range of most excellent 

(Excellent) profiles. 

C. Equinox AI Cognitive Reliability 

The application of AI in finances requires utter mathematical 

faithfulness. Any unconstrained generative AI endpoints are 

thoroughly documented as hallucinating and therefore unsafe in 

themselves as an unguided financial planning tool. The 

generative power of the LLM is then restricted to the verifiable 

facts of the database ledger of the user by imposing a Financial 

Context Payload strictly. Under qualitative benchmarks, with 

complex debt-avalanche versus debt- snowball optimization 

problems, the Equinox Advisor success- fully computes the 

exact floating-point numbers of success, out of the liabilities the 

user has inputted, with strategically-good behavior and 

mathematically. realistic repayment plans within set CPA 

procedures. 

 



VII. CONCLUSION AND PATH FORWARD 

FinGenius will break down the bureaucratic walls that limit 

retail customers and ordinary households to access the 

institutions of wealth management as a systematic process. 

Through the smooth integration of both highly asynchronous 

local databases, live algorithmic data aggregation, predictive 

mathematical trajec- tory modeling by PFSSimulation, scalar 

diagnostic evaluation by FinDex, and the conversational 

intelligibility of current generative AI, the platform comes out 

as truly holistic alternative to the fragmented ledger 

applications and hard spreadsheet interfaces. 

The practical achievements of the Vite/React frontend and 

the strong Python ASGI ecosystem clearly show that it is 

structurally feasible, scales, and is viable in practice to use 

strict deterministic reasoning with abstract reasoning by LLM. 

The decrease in cognitive friction through unifying physical 

gold, unstable cryptocurrency wallets, standard equity indices, 

and shared family liabilities on one dashboard can be seen as 

an important step in consumer FinTech. 

A. Future Enhancements and Expanded Scope 

Although the existing version of the system proves quite 

practical in a local context, the long-term outlook of 

FinGenius needs to be greatly broadened. One of the main 

operational objectives is to substitute manual PDF uploads 

with a direct Open Banking API protocol (Plaid or Salt Edge 

integration) to have an autonomous real-time banking 

reconciliation with no manual intervention. 

Moreover, predictive macroeconomic trend forecasting 

could be unlocked with the introduction of more sophisticated 

Long Short-Term Memory (LSTM) recurrent neural networks 

or isolated layers of Transformers running directly in the 

PFSSimu- lation module. That would take FinGenius to a 

more active predictive system, however, which would enable 

the Equinox Advisor to warn users of approaching se-ctor 

volatility, before it could happen- effectively re-setting the 

parameters of financial independ- ence at home. 
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