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ABSTRACT 

The objective of this work is to make advances in the execution of an algorithm that performs a trading 

strategy, based on the academic support of the classic portfolio theory, macroeconomic theory of 

economic policy and some precepts of implementation with financial machine learning (ML) 

applications.  

Regarding ML, despite the fact that there are several authors, this work is based on the techniques and 

advances that have emerged from the studies of the author Marcos Lopez de Prado, since it is well known 

not only in the academic field, but also in investment industry. These characteristics make the 

methodological development of this work be applied to the related data, which is real data from the 

Colombian market, public debt bonds hereafter referred ‘TES’. The advances in ML by Professor Lopez 

de Prado will serve as a point of reference to backtest a very simple trading strategy, but looking beyond, 

the work will serve to leave a guide on how to implement through steps the development of an algorithm 

that performs any strategy, taking into account each stage for its later execution. 
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PREAMBLE 

The world in the last decades has experienced a phenomenon of technological advance never seen before 

in all spheres of society. All this change has been translated into new ways of seeing and doing things, 

trying to adapt to new technologies, which not only permeate the technological environment, but have 

modified all areas in the world order. It refers to the fact that with the great technological advance, all 

fields have had to be reinvented: from the exact sciences in all their range of extension, to fields such as 

the social sciences and everything that derives from them. 

The financial world is not the exception, nowadays most of the hypotheses that are supported on paper, 

are being replicated via automation so, in this way, they can be tested with better quality because indeed, 

with the amount of data that is used, it can be processed in a better way in order to obtain more accurate 

results. 

Therefore attention must be focused on testing the automation of financial processes, based on premises 

with good academic support, and reviewing how tools such as machine learning can systematically help 

to be successful in automating these processes. However, throughout this process many critical aspects 

may arise that will not allow to achieve this objective on the first attempt; on the contrary, the 

methodology developed to evaluate the stages that must be passed to obtain a successful and profitable 

result, may involve many resources of time, technology, human capital and money. 

This work arises from the need to apply the advances in ML to try to replicate in practice an automated 

process that is based on financial theory to generate a return, in principle it is not thought of as an alpha 

but will be done as a backtesting (see literature review to understand the concept) to see if the results 

are consistent, and then after this process may serve as a sketch to create a portfolio for a possible 

institutional investor -in Colombia or abroad- that can cover different types of investments and not just 

public fixed income, but also that can be compared with a comparable benchmark. 
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In ML financial applications, it is necessary to have a clear outline to carry out in an orderly and 

systematic way the progress that this process requires, but before delving into the schedules, which will 

be seen in detail throughout the work, it is necessary to share the transversal motivations that the author 

Marcos Lopez de Prado states in his book 'Advances in Financial Machine Learning', and there are 

basically three: 'to cross the proverbial divide that separates academia and the industry, the desire that 

finance serves a purpose and many investors fail to grasp the complexity of ML applications to 

investments'. I mention transversal because this work shares them and they can be described below: 

- This process will be done in close collaboration between the industry and the academy: real data 

from the Colombian public debt market, its real price quotation, current regulations and the way 

the stock market operates, all of them will be used to apply strategies based on academic portfolio 

management theory and macroeconomic theories to model market expectations. 

- Their results will serve to show how finance serves a purpose: which is very different from the 

world of uninformed betting, and as Lopez de Prado states, 'one day in the near future, ML will 

dominate finance, science will curtail guessing, and investing will not mean gambling' and this 

work is definitely part of that revolution 

- Conventional investors are not accustomed to the world of programming, and therefore make no 

attempt to understand the logic of ML applications to investments. That is why this work presents 

in an organized and simple way the macro steps that were carried out to automate an investment 

strategy in the fixed income market. 

1. LITERATURE REVIEW  

To carry out the process of creating, developing, implementing and evaluating the trading strategy, it is 

first necessary to understand the purpose and scope of the results. In this sense, the following legal and 

technical definitions will be taken into account, whose will be necessary for the development of the topic 

with its respective academic and legal regulation. 
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Machine learning 

“Machine learning arises from this question: could a computer go beyond "what we know how to order 

it to perform" and learn on its own how to perform a specified task? Could a computer surprise us? 

Rather than programmers crafting data-processing rules by hand, could a computer automatically learn 

these rules by looking at data? 

In classical programming, the paradigm of symbolic AI, humans input rules (a program) and data to be 

processed according to these rules, and outcome answers (see figure 1.2).  

With machine learning, humans input data as well as the 

answers expected from the data, and outcome the rules. 

These rules can then be applied to new data to produce 

original answers.”i (Chollet & Allaire, 2017) 

Although there is no unified and universal term for what is understood by ML, we can define as the 

process that is carried out to 'teach’, as its name suggests, to an algorithm to execute a path of steps that 

will contribute to building a process that can be executed by a machine and does not require human 

intervention. In the specific case of this work, it is computational learning applied to investment theory, 

where, following some rules and parameters, an algorithm will perform an investment strategy based on 

a set of signals supported in the academic portfolio theory. 

Sisyphus paradigm  

According to Lopez, most of the firms that explore the world of financial ML fail in two aspects, which 

are explained in the Sisyphus and the meta-strategy paradigms. The first refers to the fact that many 

firms make their portfolio managers (PM) work in 'silos', it means separately, because behind this logic 

is the fact that the investment decisions made by each PM are rationalized by each one of these 

individuals and their logic differs one from each other, this is why when a PM takes raw news and 

analyzes it, each person may print their intuition and their own judgment about some investment  
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decision. However, this technique will not be the best because, despite the fact that many MPs find 

valuable information separately, others will have 'a false positive that looks great in an overfit backtest 

or (2) standard factor investing, which is an overcrowded strategy with a low Sharpe ratio' and will end 

up erasing any possibility of systematic return generation. 

Meta-Strategy paradigm  

The second big fail of whose explore the financial ML, is meta-strategy paradigm. It consists of working 

as teams in different processes that entail the elaboration of a strategy, since it is almost as difficult to 

make a strategy as to do a hundred, the complexities are overwhelming: data curation, data processing, 

simulations, backtesting, rebalancing, all of this requires a degree of specificity that cannot be done by 

a single individual.  

Even if a firm makes all the elements available to develop it, it cannot be carried out by just one person; 

in the book’s example, there is a simile of leaving a BMW worker in the factory with all the shared 

services at his disposal, even with all the resources, an individual will not be able to specialize in 

everything because it would not make sense and would take a long time.  

It works in the same way, that is why in order to present  this work results, just a backtesting is going to 

be developed for a simple strategy to execute looking backwards. We will see throughout it that data 

curation will take a lot of work, because raw data comes in a very difficult way to process, to put labels, 

to store it; only this stage involves specific work that cannot be done only with an individual, it is 

required rather a team to really achieve an ML application to an investment strategy. 

Structure by production chain 

The discovery of investment strategies has undergone an evolution like the discovery of gold, when 

some agents find a way to generate alpha macroscopically, these possibilities are increasingly closed 

until they converge to zero. That is why it requires heavy artillery in technological terms to find alpha 

sources, since it is fighting against overwhelming odds. There are different techniques to develop an 
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algorithm, however this work will be guided by the precepts of structure by production chain, which has 

the following stages: Data curation, Feature Analysis, Strategy, Backtesting, and portfolio oversight.  

It works in the same way; that is why for the present work a backtesting is going to be developed for a 

simple strategy to execute. We will see that data curation will take a lot of work, because raw data comes 

in a very difficult way to process, to put labels, to store it, only this stage involves specific work that 

cannot be done only with an individual, it is required rather a team to really achieve an ML application 

to an investment strategy. 

As is already mentioned throughout the document, this is just a sketch of how to apply each of these 

stages in real data of the Colombian stock market, however due to the complexity that each stage 

requires, processes will be stated, in order to leave a starting point so that if it is the case, people or teams 

that are specialized in each phase can follow a path for a subsequent ML application. 

Data curation 

It corresponds to the task of collecting, cleaning, indexing, storing, adjusting and delivering all the data. 

In simple terms, it is about the collection and management of data throughout its life cycle, it means that 

it involves all the tasks that were just mentioned, for instance it is not just about data collection, it is 

about those data have the required information, with the type of variable that is needed, the label names 

of each data range, the correct storage and the adjustment to which it takes place in case of needed it. 

Indicators, signals and rules 

As Peterson states in his paper, indicators are quantitative values derived from market data. Examples 

of indicators include moving averages, RSI, MACD, volatility bands, channels, factor models, and 

theoretical pricing models. They are calculated in advance on market data (or on other indicators). 

Indicators have no knowledge of current positions or trades. 
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Fixed Income securities 

They are also called credit content. They incorporate a credit right, therefore they oblige and give the 

right to a cash benefit, that is, they have the purpose of paying currency. They are called fixed income 

because their profitability is a fixed interest rate that will remain the same throughout the investment 

period. Within this classification are the bonds, CDT, commercial papers, bank and financial 

acceptances, etc. (Colombian Stock Market, BVC. ) 

Systematic Trading Strategy  

According to different financial sources, a trade-strategy could be seen as the way to define a plan to 

follow, taking into consideration different sensible variables as: timing, asset allocation, risk measures, 

cost trade measures, evaluation, among others. As its own word indicates, a strategy can be seen as the 

previous elaboration of a series of actions that are executed to reach a goal.  

Now, for the purposes of this document and the understanding of the goal that we want to achieve, the 

word systematic will refer to the introduction of an algorithm for the execution of our investment plan.  

El CFA Instituteii has a paper that states how although algorithmic trading is not well understood in a 

large segment of the financial community, it can be treated in a more focused way since “to many, 

algorithmic trading, or ‘algo trading’, simply means ‘automated trading’. However, the term actually 

encompasses a wide variety of trading methods, strategies, and time horizons, and practitioners of one 

variation of algo trading may have little knowledge of another style.”  

Walk-forward Backtest: 

“A backtest evaluates out-of-sample the performance of an investment strategy using past observations. 

These past observations can be used in two ways: (1) in a narrow sense, to simulate the historical 

performance of an investment strategy, as if it had been run in the past; and (2) in a broader sense, to 

simulate scenarios that did not happen in the past. The first (narrow) approach, also known as walk-

forward, is so prevalent that, in fact, the term “backtest” has become a de facto synonym for ‘historical 
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simulation’.”iii For the development of this work, the only one that we will use will be the first, since it 

is precisely about making a past simulation of a strategy to test how it performed in the chosen time 

window. 

Money Market 

It is the one in which both the TES class B treasury securities and other debt securities are traded, by the 

different intermediaries and market makers. "The deepening of this market becomes attractive to the 

extent that it enables debt needs to be met at a lower cost-risk ratio. Furthermore, it prevents public 

financing from interfering with macroeconomic policy and improves the operation and development of 

financial markets and capital." (Ministry of Finance and Public Credit, Sub-Directorate of Internal 

Financing of the Nation, 2009, p. 39). 

Central Bank Independence 

‘Optimal monetary policy requires a long time horizon; however, politicians (and the public) have 

neither a long time horizon nor an understanding of the long lags of monetary policy. An effective way 

to mitigate against short-run political pressures that generate excess inflation is to put monetary policy 

in the hands of unelected technocrats with long terms of office. As such, an independent monetary 

authority is expected to exhibit greater willingness to deliver price stability.’iv 

2. UNDERSTANDING THE TARGET MARKET: PUBLIC DEBT IN COLOMBIA 

For the development of this work, it is necessary to explain the regulation that involves the public debt 

market in Colombia, since our strategy is designed to operate in the Colombian bond market. Colombia 

has a highly regulated public debt market with solid bases, so it allows count with good levels of liquidity 

and depth in all the current outstanding references, obviously keeping the proportions that correspond if 

we compared to the United States market, for instance, comparison that will not take place. First we can 

see some important statistics just to make an idea about this market, the composition of the total 

Colombian government debt and the total debt balance of only TES: 
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Composition by Source of Debt

 

Taken from:  

http://www.irc.gov.co/webcenter/portal/Estadisticas/pages_creditopublico/perfildedeudapblica - Ministerio de Hacienda y Crédito Publico Colombia 

 

Composition by Source of Debt 

 

Taken from:  

http://www.irc.gov.co/webcenter/portal/Estadisticas/pages_creditopublico/perfildedeudapblica - Ministerio de Hacienda y Crédito Publico Colombia 

Now, three important regulatory issues will be discussed to be able to fit into the Colombian market, 

before understanding the automatic trading strategy that is planned to be executed: 
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2.1. Professional investor 

“To be categorized as a professional investor, the client must credit the intermediary, at the time of 

classification, an equity equal to or greater than 10,000 SMMLV and at least one of the following 

conditions: 

 To be the holder of an investment portfolio of securities equal to or greater than 5,000 SMMLV and 

to have carried out directly or indirectly fifteen (15) or more purchase or sale operations, during a 

period of 60 calendar days, in a time that does not exceed two ( 2) years prior to the time the customer 

is to be classified. The added value of these operations must be equal to or greater than the equivalent 

of 35,000 SMMLV. 

 People who have valid market professional certification as an operator granted by a Self-regulatory 

body of the Stock Market (AMV). 

 Foreign and multilateral financial organizations.” (Decree 2555 of 2010 / Colombia) 

2.2. Accounting classification of investments: 

Article 1.7.2.1 defines the classification of investments. All investments in Colombia, debt and 

participative securities, are classified as: tradable investments, investments to be held to maturity and 

investments available for sale. However, the investments that concern this work are: 'tradables' and 'at 

maturity'. The first investments refer to the assets that can be freely traded in the transactional systems 

and the second to those investments that are purchased to hold them until their maturity date. (Resolution 

550 of 2002/08/02) 

2.3. TES public debt secondary market: 

It is the one in which both the TES class B treasury securities and other debt securities are traded, by the 

different intermediaries and market makers. "The deepening of this market becomes attractive to the 

extent that it enables debt needs to be met at a lower cost-risk ratio. Furthermore, it prevents public 

financing from interfering with macroeconomic policy and improves the operation and development of 
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financial markets and capital "(Ministry of Finance and Public Credit, Sub-Directorate of Internal 

Financing of the Nation, 2009, p. 39). 

3. DEVELOPING & BACKTESTING SYSTEMATIC TRADING STRATEGIES 

(METHODOLOGY) 

To develop and execute our strategy, it is necessary to frame in the idea that we already had of the 

government bond market in Colombia seen in the last part of this work. However, first of all it is 

important to understand that the fixed income market is universal, due to its common denomination in 

methodological terms and the way in which prices are calculated and negotiated, this market has 

something very particular and that is that from the outset it is known which is the main source of risk 

for its valuation: interest rates. Being the most uncertain source, it is considered to be the most important 

variable when trading this type of securities. 

3.1. Hypothesis Driven Development 

As we already saw, BanRep (Colombian central bank) main objective is to keep inflation under control 

through monetary policy, which highlights the fact of its role in investor expectations regarding the 

decision to raise or lower interest rates in the financial system. As Henderson states in her book, there 

are three components of any bond yield: ‘(1) the risk-free real yield; (2) the expected rate of inflation; 

and (3) the premium for bearing risk. Interest rate forecasts require a view on each of these factors. The 

risk-free yield combined with the expected rate of inflation make up the nominal risk-free rate’v 

 

In the case of TES, we can infer that the nominal risk free rate is equivalent to what we call in Colombia 

the 'repo rate', which is the intervention rate established by the Central Bank (BanRep) for the financial 

system. Therefore the hypothesis that our investment strategy handles is that interest rates in TES market 

are expected to move mainly for inflationary reasons, nonetheless in the description of the strategy we 
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will see that accessorily we can complement the sell/buy order in the algorithm with growth trimestral 

data, this is just in the cases where there will be no clear reason to execute any sell/buy order. Likewise, 

there will be some occasions when the algorithm itself will identify cases in which the strategy is to 

maintain the same weights just because the central bank is expected to keep the repo rate unchanged, so 

it will execute intentionally the order not to sell or buy. 

3.1.1. View on Interest Rates 

Many theories can be applied in order to explain the changes on interest rates, but this work is based in 

the execution of an algorithm and this could be supported in the academic field without being the most 

important variable to be tested. The most obvious reason is the demand and supply law, as Mast 

Henderson states in her book, the fixed income market acts as all others markets do, if supply exceeds 

demand then the price will be reduce to attract consumption; this could fit in the same way for price 

formation and for the logic that drives the interest rate market: ‘If demand exceeds supply, the price 

must be increased to induce producers to incur additional costs to produce it. The law of supply and 

demand can be applied to any item in the economy, including money. The “price” of money is the interest 

rate.’vi 

Following up this idea, we can deduce that the hypothesis could be supported in this basic logic because 

when we think of aggregates, it means no the demand or supply for a particular agent, but for all the 

agents that represents firms, consumers, goods. So, changes in these two aggregate variables produce 

movements: in aggregate prices, better called inflation (CPI) and aggregate production, speaking of 

economic growth (real GDP), however, changes in GDP will be mandatory with a natural delay due to 

the periodicity of these data (quarterly) and our algorithm will work with monthly data. 

In the following figure, the zero coupon curve of TES references of 1, 5 and 10 years are shown, the 

data was taken directly from the BanRep web page. 
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Now, with the view on interest rates we 

can induce the issue of fixed income 

trading. Given that the fixed income 

market is a very large market, we are 

only going to look at the table below 

which summarizes the forecast scenarios 

according to the type of risk exposure, without having to explain one by one, this in order of knowing 

that our strategy is only framed in playing with durations, it means, betting on market directions: 

In the creation of the strategy it is very important 

to bear in mind that we only take public bonds 

denominated in COP, which are traded in the 

Colombian market, which is not sufficiently 

deep or liquid, therefore we will only include in 

the execution of the strategy the bet where nominal interest rates should be directed, whether up or down. 

3.2. Creating strategy 

First, the strategy will be explained, after set few assumptions in order to understand the general 

environment in which this works. Then it will be explained how the algorithm operates, in the interim 

some intermediate steps that were necessary for the development of the code will be defined. It should 

be noted that all the code was made in R and the details of the packages and tools will be seen later on. 

3.2.1. Assumptions: 

- Lookback window of the backtesting: june/2016 – june/2018, in order to test the idea in normal 

conditions –without fiscal policy changes and the turbulent macroeconomic conditions before 

the downgrade of credit ratings in Colombia-, also to avoid the effect of the pandemic in the 

sample, by moving this event away we can better evaluate the variables that are taken into 
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account to only look at the effects that inflation has on the decisions of the BanRep intervention 

rate. 

- The references chosen were 6 of the most representative terms of all those that are active (14 that 

could be seen in the figure 1) in the SENC (BanRep Electronic Trading System in Bloomberg). 

However, two references that have already matured (2018 and 2019) were added, only to have 

historical data on references that were active for our lookback window in the backtesting. The 

whole chosen references could be seen in figure 2, with their respective time to maturity since 

the starting to the ending date of our backtest window. 

Figure 1. Active references SENC                          Figure 2. Chosen References 

 

 

Taken from Bloomberg                                                                                                            Self Elaborated                                                                       

- The code and all the work are based on the idea that it is a TES portfolio for an institutional 

investor client (professional investor previously defined), with full access and authorization to 

operate in the Colombian Stock Market. This client carries out an economic activity that requires 

him to have liquid resources for a certain term, the term is parameterizable and can be modified, 

our code will make an initial arithmetic average of all references as follows: 

Start 

Backtest 

Date

End 

Backtest 

Date

Chosen TES References Mature Date Coupon 6/1/2016 6/30/2018

COLTES 5 11/21/2018 Corp 11/21/2018 5% 2.47 0.39

COLTES 7 9/11/2019 Corp 9/11/2019 7% 3.28 1.20

COLTES 1 7/24/2020 Corp 7/24/2020 11% 4.15 2.07

COLTES 7 5/4/2022 Corp 5/4/2022 7% 5.93 3.85

COLTES 1 7/24/2024 Corp 7/24/2024 10% 8.15 6.07

COLTES 7 8/26/2026 Corp 8/26/2026 7.50% 10.24 8.16

COLTES 6 4/28/2028 Corp 4/28/2028 6% 11.92 9.84

COLTES 7.75 9/18/2030 Corp 9/18/2030 7.75% 14.31 12.23

Mature Term (in Years)
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It means that since now on we can 

optimize our portfolio with a target 

duration of 4.79, this means that in 

the middle of the strategy, in 

addition to the choice of the 

references, there will be an 

optimization that finds the 

combination of the references that maintain the objective of the minimum duration of 4.79, in 

order to keep the liquidity needs of our investor, with a tolerance range which only allows a 

shorter duration solution in the optimization algorithm. 

3.2.2.  Strategy for Tradeable portfolio 

Under our hypothesis that decisions on intervention rates are made by the BanRep based mainly on CPI, 

we decide be on the market direction bet side according to the forecast scenario seen above, where the 

investor's expectations are going to be oriented to shorten or lengthen the duration of a portfolio that it 

starts from an objective duration (4.79 years in our case). Nonetheless, this objective will change 

throughout the execution of the code in order to get a result and an optimization, as long as the code 

chooses 2 references (long and short term) the objective duration could be greater or lower from the 

initial one just for the fact that precisely the strategy is thinking for shorten or longer our initial duration. 

Based on this initial portfolio, the algorithm will execute the investor's expectations as follows: 

Investor expectations: 

 Anticipates the movement according the intervention rates (IR), two possible scenarios: 

o Central bank         IR 

Duration: buy short and sell long references (the chosen references will be the 

most liquid papers in the moment of the trade, one for each trade one long run 

one short run) 

o C

e

n

t

r

a

l 

b

a

n

TES References Duration Initial Weigths

COLTES 5 11/21/2018 Corp 2.2493397 11.11%

COLTES 7 9/11/2019 Corp 2.825449 11.11%

COLTES 1 7/24/2020 Corp 3.242277 11.11%

COLTES 7 5/4/2022 Corp 4.942222 11.11%

COLTES 1 7/24/2024 Corp 5.62066 11.11%

COLTES 7 8/26/2026 Corp 7.008589 11.11%

COLTES 6 4/28/2028 Corp 8.478903 11.11%

COLTES 7.75 9/18/2030 Corp 8.79887 11.11%

Cash (Debit account) 0 11.11%

Average 4.79625663 11.11%
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o Central bank          IR 

Duration: buy long and sell short references (the chosen references will be the 

most liquid papers in the moment of the trade, one for each trade one long run 

one short run) 

The indicators used correspond to historical information of variables that are used to activate signals for 

the subsequent execution of buy / sell orders such as: 

- CPI: downloaded directly from the BanRep page with an upper limit (4%) and a lower limit 

(2%), whose will serve as a trigger to activate buy or sell signals, as appropriate, the strategy of 

lengthening or shortening duration. BanRep's target inflation is 3%, which will be used in order 

to know the starting point of the rules depending on each signal. 

- GDP: Downloaded from bloomberg along with the monthly survey that is carried out to market 

agents, such as banks, pension funds, stockbrokers, among others. This will serve as a second 

instance indicator for times where a clear rule regarding the CPI is not found 

In order to implement this strategy in our code, the bases of some libraries such as jvrfinance, limSolve, 

lubridate, among others, were used; as well as some repositories such the ones stated in the book 

‘Statistics and Data Analysis for Financial Engineering: with R examples’ (Ruppert & Matteson, 2015)  

The optimization process was programmed in R Studio, making use of the Lsei package. The result of 

this is then a matrix of the weights that each species should have in each period. To apply the algorithm, 

I proceeded to program a loop, which has several nested logical conditionals. That is, depending on what 

value the monthly observed inflation would take with respect to its target range, together with a criterion 

of observed and expected GDP, then the algorithm proceeded to apply the optimization process only in 

the corresponding cases, according to what already mentioned previously in this section.  

The optimization algorithm used to find the TES weights that would have in each period was one of 

minimizing the distance squared between the average duration (understanding this as a weighted average 

o C

e

n

t

r

a

l 

b

a

n

k 

l

o

w

e

r 

d

o

w

n 

t

h

e 

I

R

: 
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of the durations of each TES reference, multiplied by its weight) and a target duration. This average 

duration included the possibility that a part of the funds were invested in cash, whose duration is zero. 

Thus, the decision variable to optimize would be weights. 

For the weights to be feasible, a series of linear constraints was put on the algorithm. In the first place, 

it was imposed that each of the weights was greater than zero, less than 1, and that together they added 

1. Secondly, it was imposed that if the investment decision (according to the strategy proposed for the 

period) corresponded to buy a species (TES reference), then the weight of the next period will have to 

be higher than the weight of the previous period. Similarly, if the decision was to sell the species, then 

the weight of the next period must be less than the weight of the previous period. Third, it is imposed 

that if a species is neither bought nor sold, then the weight of the next period must be equal to the weight 

of the previous period. All these restrictions are written as the product of a matrix of zeros and ones by 

a vector of weights, which must equal a vector of results, as indicated by the restriction. 

As the restrictions impose feasible values, taking as a reference the weight of the previous period, it was 

necessary to take as a starting point a vector of weights in period zero, set exogenously by me. This 

vector corresponded to one that gave equal weight to each of the species (counting the cash, which will 

remains in a savings account with the bank's remuneration rate and with duration 0), which is based on 

a weight of 11.11% for each one. 

3.3. Evaluating strategy 

Naturally, the portfolio will have a determined duration with a small tolerance margin that will make the 

duration oscillate around 4.79 (which was the time horizon that we determined to ensure a minimum of 

liquidity in case of requiring resources to our client's business). Despite this, we will see that the 

maximum that the total duration of the portfolio deviates, executing the strategy plus optimization is 

very little in a range of 4.6 - 4.79; which was the objective of our optimization since the one that deviates 

downwards is something positive since it shows that for that period you can have the return of those 
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investments even at a shorter time than the originally agreed which does not pose any problem, as if I 

would do the opposite. 

Once taking this into account, we have: 

- Tradable portfolio return in the primary axis and its respective duration: 

 

4. DATA ANALYSIS AND RESULTS 

As we saw in the immediately previous sub-section, the returns of the two sub-portfolios can be framed 

according to the yield curves of the initial and final nodes of our Lookback window that we see below 

in terms of yields for each TES reference: 

  

Self elaborated from the Bloomberg ‘CRV’ tool  
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We can see in advance that throughout the window there is a downward path for all terms (tenors) in 

terms of intervention rates, therefore it is expected that if the negotiable strategy consisted of anticipating 

this, the natural behavior for duration was to increase. Below we can see the weights resulting from the 

optimization, for all the lookback window: 

 

If we look at the internal structure of the portfolio we can see how this was accomplished in the sense 

that at the end of the chosen window (6/29/2018), the weights ended up mostly concentrated in long-

term references such as TES 2024 and TES 2026, only that to meet the given duration requirements 

(4.79) the portfolio optimizes according to the available market prices and the durations for each monthly 

element of this window. 

In order to compare the results of our performance portfolio, it was necessary to create a weights matrix 

that remained exactly the same as the initial weights (equiprobable) throughout the lookback window. 

We will call this ‘Alternative portfolio’. Below we can graphically see the comparison of returns (returns 

of each portfolio – the alternative one and the strategy portfolio- in X-axis) versus durations (portfolio 

duration in Y-axis): 

Weight_2018 Weight_2019 Weight_2020 Weight_2022 Weight_2024 Weight_2026 Weight_2028 Weight_2030 Cash

Initial 

weights
11.1111% 11.1111% 11.1111% 11.1111% 11.1111% 11.1111% 11.1111% 11.1111% 11.1111%

6/30/2016 11.2967% 11.1111% 11.1111% 11.1111% 10.9255% 11.1111% 11.1111% 11.1111% 11.1111%

7/29/2016 11.5352% 11.1111% 11.1111% 11.1111% 10.6870% 11.1111% 11.1111% 11.1111% 11.1111%

8/31/2016 11.5352% 11.1111% 11.1111% 11.1111% 10.6870% 11.1111% 11.1111% 11.1111% 11.1111%

9/30/2016 12.1537% 11.1111% 11.1111% 11.1111% 10.6870% 10.4927% 11.1111% 11.1111% 11.1111%

10/31/2016 12.1537% 11.1111% 11.1111% 11.1111% 10.6870% 10.4927% 11.1111% 11.1111% 11.1111%

11/30/2016 12.1537% 11.1111% 11.1111% 11.1111% 10.6870% 10.4927% 11.1111% 11.1111% 11.1111%

12/30/2016 12.1537% 11.1111% 11.1111% 11.1111% 10.6870% 10.4927% 11.1111% 11.1111% 11.1111%

1/31/2017 12.1537% 11.1111% 11.1111% 11.1111% 10.6870% 10.4927% 11.1111% 11.1111% 11.1111%

2/28/2017 12.1537% 11.1111% 11.1111% 11.1111% 10.6870% 10.4927% 11.1111% 11.1111% 11.1111%

3/31/2017 12.1537% 11.1111% 11.1111% 11.1111% 10.6870% 10.4927% 11.1111% 11.1111% 11.1111%

4/28/2017 12.1537% 11.1111% 11.1111% 11.1111% 10.6870% 10.4927% 11.1111% 11.1111% 11.1111%

5/31/2017 12.1537% 11.1111% 11.1111% 11.1111% 10.6870% 10.4927% 11.1111% 11.1111% 11.1111%

6/30/2017 12.1537% 0.0000% 11.1111% 11.1111% 21.7981% 10.4927% 11.1111% 11.1111% 11.1111%

7/31/2017 12.1537% 0.0000% 11.1111% 11.1111% 21.7981% 10.4927% 11.1111% 11.1111% 11.1111%

8/31/2017 12.1537% 0.0000% 11.1111% 11.1111% 21.7981% 10.4927% 11.1111% 11.1111% 11.1111%

9/29/2017 12.1537% 0.0000% 11.1111% 11.1111% 21.7981% 10.4927% 11.1111% 11.1111% 11.1111%

10/31/2017 12.1537% 0.0000% 11.1111% 11.1111% 21.7981% 10.4927% 11.1111% 11.1111% 11.1111%

11/30/2017 12.1537% 0.0000% 11.1111% 11.1111% 21.7981% 10.4927% 11.1111% 11.1111% 11.1111%

12/29/2017 12.1537% 0.0000% 11.1111% 11.1111% 21.7981% 10.4927% 11.1111% 11.1111% 11.1111%

1/31/2018 3.9106% 0.0000% 11.1111% 11.1111% 21.7981% 18.7358% 11.1111% 11.1111% 11.1111%

2/28/2018 3.9106% 0.0000% 9.2110% 11.1111% 21.7981% 20.6359% 11.1111% 11.1111% 11.1111%

3/30/2018 2.8840% 0.0000% 9.2110% 11.1111% 21.7981% 21.6624% 11.1111% 11.1111% 11.1111%

4/30/2018 2.8840% 0.0000% 8.8725% 11.1111% 21.7981% 21.6624% 11.4496% 11.1111% 11.1111%

5/31/2018 2.8840% 0.0000% 7.7835% 11.1111% 21.7981% 21.6624% 12.5386% 11.1111% 11.1111%

6/29/2018 2.8840% 0.0000% 6.5275% 11.1111% 21.7981% 21.6624% 13.7946% 11.1111% 11.1111%
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The circles correspond to a ranking 

that I carry out with the monthly 

returns of both portfolios, where the 

first (which are the smallest) are the 

ones with the best profitability and I 

graph them vs their respective 

duration. The labels correspond to 

duration, return in percentage terms, 

of the final date of the strategy, June 2018 (6/29/2018). That is, without the strategy and optimization, 

which is the alternative portfolio where nothing is done since the initial weights allocation, it would have 

ended with a duration of 3.69 years and profitability of 5.64%; the strategy executed together with the 

optimization, on the other hand, ended with a duration of 4.79 years and profitability of 6.05%, which 

means a gain of 40.89 basis points over the alternate. At the same time, we can observe in a different 

way to present it, the comparison of only the returns along the lookback window, with the changes, in 

the following graph: 
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This graph helps us to see with another 

perspective the analysis of portfolio returns, 

since it is clearly the comparison of the 

performance of the historical return between 

the portfolio of the strategy versus the 

alternative one, without taking into account 

the duration, which we saw in the first 

comparison graph of return analysis as one 

of the main differences in the final result.  

On the secondary axis we have the profit (or loss in the case of the first 12 months, until June 2017) 

expressed in basis points, this explains way better how the strategy begins to generate excess returns vs 

the alternative portfolio from the month 12, which is something very conclusive due to the fact that 

inflation is forecast monthly and a change in this is actually reflected up to 12 months later because it is 

expressed in effective annual terms. This is a conclusive result which allows to state that the performance 

of the strategy, showing better returns consecutively from June 2017 to the end of the chosen window, 

demonstrate how the chosen variables of inflation (CPI) and growth (GDP) help to anticipate possible 

changes in interest rates.  

Likewise, something that we can highlight in the following graph –‘Return against Repo Rate’- is the 

return of the tradable portfolio (orange bars) which was below the repo rate from the beginning of the 

strategy, since there is not enough time for it, starting from the weights initial, to execute buy/sell trades 

according to the view that the investor has to anticipate possible movements in interest rates. 
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CONCLUSIONS 

 

During the development of the code, the people who program and make financial ML applications realize 

that it is necessary to go through all the processes that are documented in the advancements of ML 

applications implementations to understand why problems such as Sisyphus and Meta-strategy 

paradigms are so recurrent in the implementation of automation processes. Precisely in the way of 

implementing this algorithm, I understood that each of the steps that must be carried out to reach 

automation is so important that it must have a whole specialized team in each stage so that the result is 

consistent and robust. 

The purpose of this algorithm was to pass throughout all the stages that are necessary before implement 

any kind of automated process, to understand the complexity that each of the following processes 

encompasses: data curation and processing, High Performance Computer  infrastructure (HPC), software 

development, feature analysis, execution simulators, backtesting, etc. This code was developed as a basis 

for the execution of similar trading strategies, with different academic backgrounds and different inputs 

to understand that all the aforementioned processes are absolutely necessary to implement a strategy that 

is executed automatically, independent of the asset, of the signals, of the market and of the strategy itself. 

As already mentioned in the 'Data analysis and results' section, this strategy could start from a more 

sophisticated portfolio in the sense that the criterion for assembling the initial portfolio was to distribute 

the investment in an equal weighted way, so that starting from this we could see the evolution of the 

anticipation of the trade in the profitability of the final portfolio, which was clearly successful as it ended 

up in the last data of the backtesting having 40 basis points more profitability than the original one. 
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