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MODELS AND ALGORITHMS OF AN INTELLIGENT
INFORMATION TECHNOLOGY FOR PERSONALIZED INVESTMENT
PORTFOLIO OPTIMIZATION BASED ON ADAPTIVE RISK PROFILING

The paper develops an intelligent information technology for personalized investment portfolio optimization based
on adaptive risk profiling. The relevance of the study is determined by the growing demand for digital decision-support
tools that can account for individual investor characteristics and operate with heterogeneous financial instruments within
a unified portfolio construction process. In many practical solutions, personalization is reduced either to selecting one
of several predefined portfolio templates or to assigning an investor to a discrete risk category. Such approaches are
insufficiently flexible and do not provide a formal connection between the estimated risk profile and the optimization
constraints that determine the final portfolio structure.

The purpose of the study is to develop and formally describe an intelligent information technology for personalized
portfolio optimization and to justify its algorithmic support and validation approach. The proposed technology is
represented as the tuple IT = (D, M, Algo, C, V'), where D denotes market and user data with preprocessing procedures,
M denotes intelligent models, Algo denotes algorithmic portfolio-construction components, C denotes a parameterized
system of optimization constraints, and V denotes visualization and validation modules. Adaptive questionnaire responses
are transformed into a user feature vector and then mapped by a machine-learning model to a continuous risk profile.
Personalization is implemented through a formal dependence between the user risk value and the feasible portfolio set.

Two key algorithmic modules are proposed. The first forms a candidate asset universe by reducing redundancy in
the initial instrument set on the basis of correlation or covariance dependencies, which decreases dimensionality and
improves the stability of optimization results. The second parameterizes optimization constraints as a function of the
continuous risk profile, including bounds on asset-class weights, the share of anchor instruments, and concentration
restrictions. Portfolio construction is formulated as an optimization problem in which the feasible set is determined by
personalized constraints and the reduced candidate asset universe. The paper also considers computational complexity
in offline and online contours, portfolio-quality metrics, stability metrics with respect to small risk-profile changes, and
an ablation-based validation procedure.

The practical value of the proposed approach lies in combining explainability, reproducibility, controllable
personalization, and computational feasibility within one integrated technology. The obtained results show that the
proposed formalization provides a coherent foundation for building applied portfolio recommendation systems that are
more stable, interpretable, and adaptable to individual investor characteristics.

Keywords: personalized portfolio optimization, adaptive risk profiling, intelligent information technology,
candidate asset universe, portfolio constraints, portfolio stability, correlation analysis, ablation validation.

H. 0. KO3VYb, O. C. KOPHIEHKO

XepCOHCHKHH HAIllOHAILHAN TeXHIYHUN YHIBEPCHUTET

MOJIEJII TA AJITOPUTMU IHTEJEKTYAJbHOI
IH®OPMALINHOI TEXHOJIOTIi MEPCOHAJI3OBAHOI OITUMI3AIIT
IHBECTULINHOTO MMOPT®EJISI HA OCHOBI
AJAIITUBHOI'O PU3UK-TPODPILTIOBAHHSI

Yemammipospobaeno inmenexmyanvmy ingpopmayitiny mexnHono2io nepcoranizo8anoi onmumizayii ineecmuyitinoco
nopmeens Ha OCHOGI A0ANMUBHO2O PUUK-NPODIN06ants. AKmMyanvHicmb O0CHIONCEHHST 3YMOBIEHA 3POCIAHHIM
nonumy Ha yugposi 3acodu NIOMpPUMKU IHGeCMUYIIHUX PiuleHb, 30amHi 6pax08yeamu iIHOUSIOVAbHI XapaKmepucmuKu
iH6ecmopa ma npayreamu 3 2emepo2eHHUMU QIHAHCOBUMU THCIPYMEHMAMU 8 MeNCaX eOUHO20 Npoyecy opmy8aHHs
nopmdbens. VY bacamvox npukiaoHux pitleHHsIX NepCcoHanizayis 3600umsbcs abo 0o 8uU60py 00HO20 3 KINbKOX UAOIOHHUX
nopmdeenis, abo 0o gioHeceHHs iH8ecmopa 00 OUCKpemHoi kamezopii pusuky. Taxi nioxoou € HeOOCMamHb0 SHYUKUMU Md
He 3a0e3neyyroms GopManbHO20 38 'A3KY MIJNC OYIHEHUM PUSUK-NPODLIeM | mumu ONMuMizayiuHuMu 0OMeNCeHHIMU, WO
BUBHAYAIOMb KIHYE8Y CIPYKNYpY nopmeers.

Memoro Oocniddicennss € po3podneHHs: ma @QOPMATbHUL ONUC THMEIeKMYAIbHOI THPOPMayiuHol mexHonoz2ii
nepcoHanizosanoi onmumizayii nopmebens, a maxoxc 0OIPYHMYSanHs il aneopummiuHo2o 3a0e3neyeHHs i nioxody 00
sanioayii. 3anpononosary mexnonoziro nooaro y suenadi kopmexcy IT={(D, M, Algo, C, V), de D — punkosi ti KopucmyeaybKi
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Oani 3 npoyedypamu nonepeonvoi 0opooxu, M — inmenexmyansri mooeni, Algo — aneopummiuni Komnonenmu nooy0osu
nopmepens, C — napamempuzosauna cucmema ORMUMIZAYIUHUX oOMedceHb, V — moolyni eizyanizayii ma eanioayii.
Bionosioi aoanmuenozo onumysanbHuKa nepemeoproiomsca Ha 8eKmop 03HAK KOPUCTY8aud, AKUL 0ali 3a 00NoM0O2010
MOOeNi MAWUHHO20 HABYAHHS 8I00Opadcacmvcs y HenepepsHull pusuk-npoine. Ilepconanizayis peanizyemocs uepes
Gopmanviy 3anexCHICMb MIIC 3HAYEHHAM PUSUKY KOPUCTYB8AYA MA MHONCUHOIO OONYCIUMUX NOPMGhenbHUX pilueHb.

3anpononosano 0ea Kknouosi aneopummiuni mooyni. Ilepuuii popmye KanouOammy MHONCUHY AKMUBIE UWLIAXOM
3MeHUEeHHs HAOIUUKOBOCMI BUXIOHO20 HAOOPY THCMPYMEHMI8 HA OCHOBI KOPETAYIUHUX AO0 KOBAPIAYIIHUX 3A1eHCHOCTell,
Wo 3HUMNCYE POMIpHICMb 3a0ayi ma niosuwye cmitikicmo pe3yivmamie onmumizayii. [pyeuil napamempu3sye
ONMUMI3AYTUHI 0OMedHCeHHA AK (DYHKYII0 HenepepsHo20 pusux-npoqhinio, 30Kkpema mexci 8az K1acié akmueis, udacmky
ONOPHUX [HCMPYMEHmMI8 [ KoHyenmpayiuni oomedicenns. Ilo6yoosy nopmeens opmanizosano sk ORMUMIZAYIUHY
3a0auy, y AKitl MHOJMCUHA OONYCMUMUX PO36 A3KI6 BUSHAYACMBCS NEPCOHANIZ08AHUMU OOMENCEHHAMU A 3MEHUEHOTO
KAHOUOAMHOI MHONCUHOK AKMUGIE. Y pobomi makoic po3eyisiHymo oOuUCIi08aIbHY CKIAOHICMb 8 OGOILAlH- MdA OHAAUH-
KOHMYpax, Mempuxuy aKkoCcmi nopmebesis, Mempuxu Cmitikocmi uj000 MAaux 3MiH pusuxk-npoghino ma npoyedypy eanioayii
Ha OCHOBI AOIAYINHO20 AHANI3Y.

Ipaxkmuuna yinnicme nioxo0y nonazae y NOEOHAHHI NOACHIO8AHOCMI, 8I0MBOPIOBAHOCMI, KEPOBAHOI NEPCOHANI3aAYil
ma 004UCTIOBANLHOL NPUOAMHOCTT 8 Medicax €0unoi inmeeposanoi mexnonoeii. Ompumani pe3yromamu noKa3yoms, Wo
3anponoHoeana hopmanizayis CMeoproe YinicHy 0CHOBY 071 NOOY 008U NPUKIAOHUX CUCHIEM NOPMPETbHO20 PEKOMEHOY8AHHSL,
SKI € OLIbW CIIUKUMU, ITHMepnpemo8anuMu ma a0anmo8anumu 00 iHOUBIOYAIbHUX XAPAKMEPUCIUK [HBeCMOopa.

Knrouosi cnosa: nepconanizosana onmumizayis nopmepens, adanmueHe pusuK-npoQinioeanHs, iHmeieKmyaibHa
iH(hopmayitina MexHoN02iA, KAHOUOAMHA MHONCUHA aKMUBI8, NOpmM@envHi 00MedceHHs, CMIUKIcms nopmaens,
KOpenayiiunHutl ananiz, abnsayitina anioayis.

Statement of the problem

The rapid development of digital financial services has increased the demand for intelligent
decision-support technologies capable of generating personalized investment recommendations. In
the field of portfolio construction, this problem is especially relevant because investors differ in their
financial goals, risk tolerance, behavioral preferences, and acceptable portfolio structure. At the same
time, modern portfolio solutions must operate with heterogeneous asset classes that differ in expected
return, volatility, liquidity, denomination currency, and mutual statistical dependencies [1].

In many practical systems, personalization is implemented in a simplified form. Most often,
users are either assigned to one of several discrete risk categories or offered a choice among
predefined template portfolios. Although such approaches are easy to implement, they do not provide
sufficient flexibility and do not ensure a formal relationship between the estimated user profile and the
optimization constraints that determine the final portfolio composition. As a result, recommendations
may be weakly interpretable, poorly controllable, and unstable under small changes in user inputs.

Another important problem is the redundancy of the initial asset universe. If highly correlated
or statistically similar instruments are included simultaneously in the optimization process, the
dimensionality of the problem increases, while the resulting portfolio may become less stable and harder
to explain. Therefore, the relevant scientific and applied task is to develop an intelligent information
technology in which adaptive risk profiling, reduction of asset redundancy, parameterization of
optimization constraints, and portfolio validation are integrated into a single formalized process. This
determines the direction of the present study.

Analysis of recent research and publications

The theoretical basis of portfolio construction is formed by classical portfolio theory, in which
the relationship between expected return and risk is expressed through the optimization of portfolio
weights using expected returns and covariance matrices [2; 3]. These approaches remain fundamental
for modern recommendation systems because they provide a formal mechanism for transforming
market data into portfolio decisions. At the same time, further studies in portfolio management have
shown the importance of robust optimization, concentration control, and practical constraints that
improve the stability and applicability of portfolio solutions in real-world settings [4; 5; 6].

A separate direction of research concerns the use of intelligent methods for investor profiling.
In our previous work, an Al-based adaptive investor survey service was proposed for determining
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an individual risk profile, which creates a practical basis for personalized portfolio recommendation
[7]. More broadly, machine-learning approaches make it possible to map questionnaire-based and
behavioral data into a quantitative estimate of risk tolerance, which can then be used in decision-
support systems [8; 9]. However, in many applied implementations personalization is still limited to
assigning users to several broad risk classes instead of constructing a formal dependence between the
assessed profile and the optimization problem.

An additional aspect that requires consideration is the structure of the candidate asset universe.
Empirical results presented in our earlier study on the diversification saturation point in ETF portfolios
demonstrated the practical importance of identifying redundancy among highly correlated instruments
and reducing the search space before optimization [10]. At the same time, portfolio solutions for
Ukrainian investors require adaptation to the local financial context, including the integration of
domestic government bonds together with global market instruments within a single recommendation
framework [11].

Thus, the existing body of research provides a strong foundation in portfolio theory, robust
optimization, and risk profiling, but does not fully formalize their integration into an intelligent
information technology with explicit links between adaptive risk profiling, candidate asset selection,
parameterized optimization constraints, and experimental validation. This gap determines the novelty
and relevance of the present study.

Purpose of the study

The purpose of this study is to develop and formally describe an intelligent information
technology for personalized investment portfolio optimization based on adaptive risk profiling, as
well as to justify its algorithmic support and the approach to its experimental validation.

To achieve this purpose, the following tasks are addressed: to formalize the proposed technology
as a system of interconnected components; to develop an algorithm for constructing a candidate asset
universe based on correlation dependencies; to develop an algorithm for parameterizing optimization
constraints as a function of a continuous risk profile; and to define quality and stability metrics, including
an ablation-based procedure for evaluating the contribution of individual algorithmic modules.

Presentation of the main research material
Let us define the proposed intelligent information technology for personalized investment
portfolio optimization based on adaptive risk profiling as the tuple:

IT=({D, M, Algo, C, V),

where D denotes data and preprocessing procedures, M denotes intelligent models, 4/go denotes
algorithmic components of portfolio construction, C denotes a formalized constraint system (including
risk-profile-parameterized constraints), and 7 denotes visualization and experimental validation
modules. This representation makes it possible to separate and formally describe the key stages of the
process—from forming the user profile to obtaining the portfolio decision and verifying it. The overall
technology structure and data flows between components are shown in Fig. 1.

Let Ube the set of users (investors) and 4 the set of available financial instruments. For consistent
statistical analysis, assume a discrete set of time points 7" corresponding to the chosen frequency (e.g.,
monthly). For each asset a € 4 and each time point ¢ € T, define the price P(a, ¢) and the return r(a, ?),
which can be specified as simple or logarithmic depending on the implementation assumption. Based
on historical (a, t), we estimate asset return and risk parameters p(a) and o(a), as well as inter-asset
dependencies in the form of the covariance matrix ¥ and the correlation matrix Corr. Introducing X
and Corr is essential, because they are used for algorithmic reduction of a redundant asset set prior to
optimization.
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Fig. 1. Overall scheme of the intelligent information technology for personalized portfolio optimization. The
background contour of market-data preprocessing (including Corr/X) runs in batch mode with subsequent
caching; personalized portfolio construction is performed online for a specific user

A separate layer of formalization concerns user data. Let a user u € U complete an adaptive
questionnaire, resulting in a feature vector x(u) € Rm [7]. The vector x(u) is obtained by applying
response normalization and encoding rules and, if needed, integrating additional features that
characterize behavioral attitudes or user constraints [8]. Next, the user’s risk profile is estimated on a
continuous scale:

R(u) = f(x(u)), R(u) € [0, 1],

where f(-) is a regression model that maps individual risk tolerance to a scalar score [9]. Using
continuous R(u) allows moving from discrete “risk classes” to parameterized personalization: the
risk profile becomes a control parameter for constraint construction and the structure of the portfolio
decision.

The algorithmic component 4/go in the proposed technology includes at least two key modules.
The first module constructs a candidate asset universe 4™ (4" < A) based on the correlation or
covariance matrix and a redundancy-reduction criterion; this reduces problem dimensionality and
improves stability of portfolio weights. The second module constructs the constraint system C(R(u))
as a function of the risk profile, i.e., it defines the feasible set of portfolios not by general “one-size-
fits-all” rules, but in a personalized way depending on R(u). Based on the resulting A* and C(R(u)), an
optimization problem is defined whose solution yields the user’s portfolio weight vector w*(u) € R|A"|.

https://doi.org/10.32782/mathematical-modelling/2026-9-1-16 ISSN 2618-0332 (print), 2618-0340 (online)
181



ITPUKIIA/THI ITHNTAHHA MATEMATHYHOI O MOJE/IFOBAHHA T. 9, Ne 1, 2026

Under this view, optimization is a coherent part of the information technology: its inputs, parameters,
and constraints are generated by upstream modules, and the result is then interpreted and validated.

Component C formalizes constraints that determine the admissible solution class. These include
constraints on asset-class weights, bounds on the share of an “anchor” asset (notably government
bonds), concentration constraints (upper bounds on individual instrument weights or aggregate
concentration measures), and, if needed, a cardinality constraint limiting the maximum number of
instruments in the portfolio. Importantly, a substantial part of these constraints is defined as a function
of R(u), ensuring a formal link between risk assessment and portfolio formation.

Component V supports result presentation and experimental validation. In applied intelligent
systems it is important not only to display the resulting weights but also to explain the reasons
behind the decision—e.g., through active constraints C(R(u)) and asset-selection rules used to form
A*. Experimental validation includes evaluating portfolio quality via traditional metrics, as well as
analyzing stability of portfolio weights under a small change of the risk profile R(u) by €. Additionally,
ablation experiments are conducted, where the technology is evaluated in the full configuration and
with certain algorithmic modules disabled; this enables quantitative assessment of the contribution of
A" formation and C(R) parameterization to final decision quality.

Given these definitions, the technology can be viewed as the following transformation chain:
user u produces x(u), then R(u) is obtained; next 4* and C(R(u)) are formed; the optimization problem
is solved and yields w*(u), which is then explained and validated in module V. This formalization
provides the basis for a detailed description of algorithms and the optimization problem statement, as
well as for reproducible experimental verification of the proposed information technology.

Algorithm 1. Constructing the candidate asset set (4 — A*) with caching

In portfolio optimization problems, the full instrument set A may contain assets with very similar
statistical properties and high mutual correlation. A large number of “near-duplicate” instruments
increases the dimensionality of the optimization problem and often makes results unstable: even small
changes in input data or parameters may lead to substantial changes in portfolio weights, while the
economic meaning of the recommendation changes little. For an applied information technology, this
is undesirable because it reduces interpretability and reproducibility. Therefore, before optimization we
propose an algorithmic stage that reduces the search space by transforming 4 into a subset A* (4" < A).

The algorithmic modules for candidate universe construction and constraint parameterization,
as well as their interaction with cached statistical artifacts, are schematically presented in Fig. 2.

The input to the algorithm consists of the asset set A and estimated dependencies between assets
in the form of a correlation matrix Corr or a covariance matrix X. In addition, a threshold parameter
T € [0, 1] is specified, determining when two assets are considered overly similar (e.g., if |Corrij| > 7).
If needed, a desired output size k or an admissible range [£,,;,, knax] can be specified to constrain the
candidate set size.

A graph-based representation is used for selection. Consider an undirected graph G = (V, E)
where each vertex corresponds to an asset from A. An edge between two vertices is added if the
corresponding assets have absolute correlation at least t. Under this representation, connected
components can be interpreted as groups of assets that are mutually substitutable or close in return
behavior. Next, one representative is selected from each connected component—the most “central”
asset within the group. A practical centrality criterion is minimizing the mean absolute correlation
with other assets in the same component. After selecting representatives from all components, the
subset A" is formed and used at the next optimization step.

The computational cost depends on the usage mode of statistical artifacts. Building the
correlation matrix Corr for n = |4| assets requires computing pairwise correlations and has order
O(n2) in the number of pairs (for a fixed window length). Constructing the threshold graph may
also be O(n2) in the worst case, because all pairs must be examined. Finding connected components
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Fig. 2. Detailed view of the key algorithmic modules. Algorithm 1 forms the candidate asset universe 4 — A"
using cached Corr/X; Algorithm 2 parameterizes the constraint system C(R) based on the user risk profile,
with optional caching for discretized values of R

runs in O(|V] + |E]) and for dense graphs may approach O(n2). Selecting representatives by directly
computing mean correlations within components also does not exceed O(n2) in total.

However, in an applied system it is reasonable to compute Corr in the background and refresh it
in batch mode (e.g., daily or upon market-data updates), then cache the result. During inference, Corr
is assumed to be already available, and costs shift to graph construction and component search. For a
fixed threshold t, caching the graph itself or even the final result 4™ is possible, enabling the candidate
universe to be formed once and reused for many users. Thus, the O(n2) estimate for building Corr
reflects the cost of background preparation, while the online stage of forming 4* may be substantially
faster due to cached intermediate results.

Algorithm 1 does not aim to “select the best assets” in a financial sense; rather, it is designed to
construct a compact and structured search space for the optimization module, reduce redundancy among
instruments, and improve stability of the portfolio decision. The next section describes Algorithm 2 for
parameterizing constraints C(R), which formalizes personalization depending on the user’s risk profile.

Algorithm 2. Parameterizing optimization constraints as a function of the risk profile:
C=Cc®)

In applied portfolio recommendation systems, personalization is often reduced to a discrete
choice among a few predefined “profiles” or templates. This approach is simple but has two significant
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drawbacks. First, it poorly reflects individual differences within a single risk class because it relies
on coarse discretization. Second, it does not define a formal link between the estimated risk profile
and the constraints actually applied in the optimization problem: bounds on asset-class weights, the
share of ““anchor” instruments, concentration constraints, etc. In the proposed information technology,
personalization is implemented differently: the user risk profile R(u) is defined on a continuous scale
in [0, 1] and is used as a control parameter for constructing the constraint system, i.e., C = C(R(u)).

The constraint-parameterization algorithm takes as input the risk profile R(u) and the metadata
required to define rules (e.g., asset-class partitioning, identification of “anchor” instruments,
admissible global bounds). The output is a concrete set of constraints C(R(u)) defining the feasible
set of portfolios for the user—i.e., which portfolio solutions are considered admissible when solving
the optimization problem. The constraint system is designed to reflect intuitive risk-preference logic
while remaining formal and reproducible.

It is convenient to organize C(R(u)) as a set of parameterized bounds. First, class allocation
bounds are defined. If the instrument set is partitioned into classes (e.g., equities, bonds, crypto),
then for each class a lower and upper bound for its total portfolio share is specified. These bounds are
chosen as functions of R(u): as R(u) increases, the upper bound for risky classes increases, while the
minimum requirement for conservative classes may decrease. In practice, continuous or piecewise-
linear functions are convenient because they ensure controlled behavior of bounds under small
changes in R(u).

Next, an “anchor” asset (or anchor class) constraint is introduced to fix the share of instruments
that provide stabilization (e.g., government bonds). For low values of R(u), a higher minimum anchor
share is appropriate; for high values of R(u), this minimum can decrease, but not necessarily to zero if
the technology targets practical stability and controllability of risk. Upper bounds on the anchor share
may also be imposed to avoid trivial solutions and preserve diversification.

A separate class of constraints concerns concentration. Even a correctly specified optimization
problem may yield overly concentrated portfolios due to statistical properties of parameter
estimation or local advantages of specific instruments. Therefore, C(R(«)) includes maximum-weight
constraints (and, if needed, minimum weights) or aggregate concentration limits. These rules improve
interpretability and reduce the risk of obtaining a solution that is difficult to explain or reproduce in
practice.

In terms of computational complexity, constraint parameterization is “lightweight,” because
it reduces to evaluating a finite number of functions or applying a rule set to compute bounds. In
typical scenarios, complexity does not depend on the number of assets; it is mainly driven by the
number of classes and constraint types. This makes the algorithm suitable for large-scale deployment.
Additionally, results C(R) can be cached for discretized values of R, e.g., with step 0.01, since the
parameter set is small and the dependence on R is smooth. In such cases, constraints can be retrieved
from cache during inference, further reducing costs for large user volumes.

Akey property of C(R(u)) is controlled stability of personalization. Since R(u) is continuous, it is
natural to require that small changes in R(uz) do not cause abrupt jumps in the feasible set of portfolios
and, consequently, do not lead to disproportionate changes in portfolio weights. This property can be
experimentally verified via sensitivity metrics that measure the difference between portfolio weights
constructed for R(u«) and for R(u) + €. Beyond stability, C(R) substantially strengthens interpretability:
for a specific user, one can directly explain which bounds were applied, why they correspond to the
user’s risk profile, and how they affected the final optimizer decision.

Thus, Algorithm 2 formalizes personalization as construction of an optimization constraint
system based on the risk profile, ensuring reproducibility, explainability, and a controlled response of
portfolio recommendations to changes in user parameters.
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Portfolio optimization problem statement

After forming the candidate asset universe 4™ and parameterizing the constraint system C(R(u)),
portfolio construction reduces to solving an optimization problem whose result is the portfolio weight
vector w*(u). Let A* contain n* = |4"| instruments; then the portfolio is represented by a weight vector
w=(W,, W,,..., w,), where w, is the share of instrument i in the portfolio. For correct interpretation,
a full-investment constraint is typically imposed: the sum of weights equals 1. For most practical
scenarios, short selling is assumed absent, leading to non-negativity constraints on weights.

The expected portfolio return can be represented as a linear combination of expected asset
returns estimated from a historical window. Let p be the vector of expected returns for assets in
A*; then expected portfolio return is u7w. Portfolio risk in the classical Markowitz approach [2] is
measured via variance given by the quadratic form w7Zw, where X is the covariance matrix of returns
for assets in 4*. Under this formulation, the optimization problem can be posed as minimizing risk
for a given expected return or maximizing expected return for a given risk level [3]. For an applied
information technology, it is convenient to use a generalized single-objective formulation with a
risk—return trade-off parameter that enables controlled adjustment of the optimizer’s “risk aversion”
at the technology level [5].

One practical formulation is minimizing a function of the form:

Jw) = MwTZw) = (1 = M)(uTw),

where A € [0, 1] specifies the trade-off between risk and return. For small A, the optimizer is more
return-oriented; for large A, it is more risk-oriented. Importantly, within the proposed technology
personalization may be implemented not only through changing A, but primarily through constraints
C(R(u)) that define the feasible solution set for a specific user.

The constraint system C(R(u)) includes basic feasibility constraints and personalized structural

bounds. Basic constraints include full investment Z w, =1 and w;> 0. Personalized constraints include

bounds on total shares by asset classes [12], bounds on the anchor asset share, and concentration
constraints, e.g., w; < w... In general, the feasible set can be written as Q(R(u«)) = {w : w satisfies
C(R(u))}. The optimization problem is then:

w(u) = argmin_{w € Q(R(u))}J(w).

If the technology additionally accounts for a practical requirement of limiting the number of
instruments in the portfolio (cardinality), the constraint [{i : w; > 0}| < k is introduced. This constraint
significantly complicates the problem and often requires heuristic or approximate methods. At the
current stage, cardinality can be treated as an extension, while the baseline implementation relies
on forming 4" (Algorithm 1), which already reduces dimensionality and brings solutions closer to
practically convenient portfolios.

Thus, the optimization problem provides a formal mechanism for converting outputs of
upstream modules (4" and C(R(u))) into a concrete portfolio weight allocation. The next section
considers computational complexity of key stages and quality metrics, including stability metrics
and an ablation procedure that enables quantitative assessment of the contribution of algorithmic
components to recommendation quality.

Computational complexity assessment and quality metrics

Computational costs of the proposed information technology should be analyzed under two
execution modes: a background (batch/offline) contour for market-data preparation and an online
contour for personalized portfolio construction for a specific user. This separation is essential in
applied systems because it decouples expensive statistical artifact preparation from frequently
executed low-latency recommendation steps.
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In the background contour, the main computational stage is estimation of statistical dependencies
among assets. For n = |4]| assets, constructing the correlation matrix Corr or covariance matrix X
requires pairwise computations and has order O(n2) in the number of pairs (for a fixed window
length). In practice, this step is performed periodically (e.g., daily or upon market-data updates) and
cached, so its cost does not directly affect online recommendation latency.

In the online contour, assuming cached Corr/%, candidate universe construction 4* (Algorithm 1)
reduces to operations over already prepared dependencies. In the worst case, building the similarity
graph under the threshold rule is also O(n2), since all pairs must be examined; however, connected-
component search runs in O(|V] + |E|) and is substantially cheaper for sparse graphs. If the threshold t
is fixed, caching the graph or even the final 4™ further reduces repeated costs when serving many users.
Algorithm 2 (constraint parameterization C(R)) is computationally lightweight: it evaluates a small
number of functions or rules to obtain class and concentration bounds and is practically independent
of the number of assets; it can also be cached for discretized values of R. The optimization stage
depends on the chosen formulation and solver; within the technology, it is important that optimization
is performed in a reduced space n* = |4"], i.e., after dimensionality reduction.

Quality evaluation of the proposed technology should account for both traditional portfolio
metrics and criteria specific to an applied information system: decision stability, interpretability, and
reproducibility. The basic group of metrics includes expected portfolio return and risk. Let w be the
weight vector, p the expected-return vector, and X the covariance matrix. Then expected portfolio
return is u7w, and risk (variance) is wIZw [6]. If the Sharpe ratio is used [13], it can be computed
as the ratio of expected excess return to standard deviation; however, for comparing technology
configurations it is sufficient to use a consistent computation protocol on the same dataset.

A key metric for the personalized technology is stability with respect to the risk profile. Since
personalization uses a continuous parameter R(u), it is important to measure how much the portfolio
changes under a small change in R. Let w(R) be the optimal portfolio for a given risk value R; stability
can then be measured via norms of weight differences, e.g., L1 or L2:

Stability {L1}(R, €) = |[w(R + €) — w(R)||_1 or
Stability {L2}(R, €) = |W(R + &) — w(R)||_2.

Smaller values correspond to smoother and more controllable personalization, which is important
for user trust and practical deployment. In the minimal experimental stage of this paper, stability is
also assessed at the constraint level via AC, which reflects smoothness of the parameterization C(R).

In addition to stability, portfolio concentration is useful as an indicator of interpretability and
practical usability. A simple option is the maximum weight max,w; and the number of instruments with
non-zero weight. Aggregate concentration indices can also be used, but for comparing technology
configurations it is sufficient to apply a consistent metric reflecting whether the optimizer concentrates
weight into one instrument or distributes it more evenly.

Finally, an ablation evaluation procedure is important to quantitatively determine the contribution
of algorithmic modules to final results. In this procedure, configurations with the full set of modules
are compared to configurations with individual components disabled (e.g., without forming 4* or
without parameterizing C(R)). Ablation results are compared using portfolio metrics, stability metrics,
and concentration indicators. This provides an engineering-relevant answer to which component
improves stability, controllability, and recommendation quality.

Experiments and ablations
The experimental verification aims to quantitatively demonstrate two key aspects of the
proposed technology: (1) redundancy in the initial asset set and the effect of search-space reduction
via Algorithm 1; (2) controllability of personalization via smooth parameterization of the constraint
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system C(R) in Algorithm 2. In addition, results are considered in an ablation sense as a “before/after”
comparison for individual modules (without forming 4* and without parameterizing C(R)).

Results of preliminary correlation analysis

At the first stage, correlation dependencies among assets were analyzed using monthly returns.
The obtained values confirm substantial redundancy within the equity ETF subset [10], which justifies
algorithmic construction of a candidate asset universe. Specifically, the mean absolute correlation
within the equity group is 0.784, and between equity and bond instruments it is 0.578. For certain asset
pairs, very high correlations are observed (e.g., SHY—-SHV: 0.993, VWO-EEM: 0.991, AGG-IEF:
0.989), corresponding to “near-duplicate” instrument behavior and potentially increasing solution
instability without prior search-space reduction. Meanwhile, Ukrainian domestic government bonds
(OVDP) exhibit near-zero correlation with equity ETFs: mean absolute correlation between equity
and OVDP is 0.038, and between bond instruments and OVDP is 0.045. This supports treating OVDP
as an “anchor” asset class within the technology and the idea of controlled anchor inclusion depending
on the user’s risk profile via the constraint system C(R) [11]. In addition, crypto assets show a moderate
correlation level with equities (mean absolute correlation 0.384), which is considered when setting
upper bounds on crypto allocation in C(R).

Demonstration results for Algorithm 1 (4 — 4%)

Algorithm 1 was demonstrated on an equity subset with » = 17 assets at threshold t = 0.9.
The initial set exhibited high redundancy: the maximum absolute correlation between asset pairs
reached 0.991, and the mean absolute correlation within the group was 0.784. Applying Algorithm 1
(building a threshold similarity graph at t, finding connected components, and selecting the “central”
representative of each component) reduced the candidate set from 17 to 6 assets, with 6 connected
components and the largest component size equal to 11, indicating a large cluster of mutually
substitutable instruments. After reduction, the mean absolute correlation within 4* decreased to 0.654,
and the maximum absolute correlation decreased to 0.828. This confirms redundancy reduction in the
candidate space and creates prerequisites for more stable and interpretable optimization at the next
stage. In this example, 4" included the following component representatives: EEM, EWJ, VNQ,
XLE, XLP, XLU. Numerical reduction results are provided in Table 1.

Table 1
Results of candidate set reduction by Algorithm 1 (t = 0.9, equity group)
Parameter Value

4] 17
|47] 6
Number of connected components 6
Largest component size 11

mean |cort]| 0.784 — 0.654

max |cort]| 0.991 — 0.828

Demonstration results for Algorithm 2 (C = C(R))

To demonstrate Algorithm 2, we constructed a parameterized constraint system C(R) in which
bounds on asset-class shares (equity, bonds), the “anchor” class (OVDP), and the maximum share
of crypto assets are defined as smooth (linear) functions of the risk profile R € [0, 1]. At this stage,
parameters C(R) are treated as a technology policy that formalizes personalization and ensures a
reproducible link between the risk profile and admissible portfolio structure. The choice of OVDP
as the “anchor” is empirically justified by the decorrelation of OVDP relative to equities shown in
Section 7.1. In the minimal experiment, values R = 0.2, 0.5, 0.8 and a small change € = 0.05 were

https://doi.org/10.32782/mathematical-modelling/2026-9-1-16 ISSN 2618-0332 (print), 2618-0340 (online)
187



ITPUKIIA/THI ITHNTAHHA MATEMATHYHOI O MOJE/IFOBAHHA T. 9, Ne 1, 2026

considered. For each R, the constraint systems C(R) and C(R + &) were computed and the change in
constraint parameters was evaluated using the metric AC defined as the sum of absolute changes in
bounds. It was obtained that AC = 0.1175 for all three R values at the specified €, which is consistent
with smooth parameterization C(R) and confirms controlled constraint variation under a small risk-
profile change. Example bounds are given in Table 2.

Table 2
Example of parameterized constraints C(R) and their change under R — R + € (¢ = 0.05)
R OVDP (anchor) Equity Crypto, max AC(eps = 0.05)
0.2 0.50..0.82 0.14..0.40 0.03 0.1175
0.5 0.35..0.70 0.28..0.55 0.075 0.1175
0.8 0.20..0.58 0.41..0.70 0.12 0.1175
Conclusions

The paper proposes an approach to a formalized description of an intelligent information
technology for personalized investment portfolio optimization based on adaptive risk profiling. The
technology is represented as the tuple /7= (D, M, Algo, C, V), which separates data and preprocessing,
intelligent models, algorithmic modules, the constraint system, and visualization/validation tools, and
provides a holistic representation of portfolio construction as a sequence of formal transformations.

Two key algorithmic modules of the technology are developed. The first module forms the candidate
asset universe 4 — A" based on correlation (or covariance) dependencies, with support for background
preparation and caching of statistical artifacts. The second module formalizes personalization via
parameterization of the optimization constraint system C = C(R) as a function of the user’s continuous
risk profile, ensuring a reproducible and explainable link between estimated risk and admissible
portfolio structure. The portfolio optimization problem statement is also provided, integrating outputs
of upstream modules into a unified mechanism for obtaining the portfolio weight vector.

A technology-quality evaluation approach is proposed that, in addition to traditional portfolio
metrics, includes stability metrics with respect to risk-profile changes and ablation experiments to
quantify the contribution of algorithmic components. This approach allows the technology to be
assessed not only as a method of obtaining a portfolio solution, but also as an applied intelligent
system with requirements for controllability, interpretability, and reproducibility of personalization.

Future research should extend the experimental base, compare the proposed approach with
alternative methods for candidate-universe formation and constraint parameterization, and investigate
cardinality constraints (limits on the number of instruments in a portfolio) and their efficient
implementation within the proposed technology [14].

Bibliography
Bodie Z., Kane A. J., Marcus A. J. Investments. New York : McGraw-Hill Education, 2014.
Markowitz H. Portfolio selection. The Journal of Finance. 1952. Vol. 7, No. 1. P. 77-91. DOI:
https://doi.org/10.1111/j.1540-6261.1952.tb01525.x
3. Merton R. C. An analytic derivation of the efficient portfolio frontier. Journal of Financial and
Quantitative Analysis. 1972. Vol. 7, No. 4. P. 1851-1872. DOI: https://doi.org/10.2307/2329621
4. Fabozzi F.J., Kolm P. N., Pachamanova D. A., Focardi S. M. Robust portfolio optimization and
management. Hoboken : Wiley, 2007. DOI: https://doi.org/10.1002/9781119202172
5. Grinold R. C., Kahn R. N. Active portfolio management: A quantitative approach for producing
superior returns and controlling risk. New York : McGraw-Hill, 2000.
Meucci A. Risk and asset allocation. Berlin : Springer, 2005.
7.  Kozub N. O., Korniienko O. S., Dorenskyi O. P. Method and technological solution of an
Al-based adaptive investor survey service for determining an individual risk profile. [Jenmpans-

N —

*

https://doi.org/10.32782/mathematical-modelling/2026-9-1-16 ISSN 2618-0332 (print), 2618-0340 (online)
188



ITPUKIIA/THI ITHNTAHHA MATEMATHYHOI O MOJE/IFOBAHHA T. 9, Ne 1, 2026

10.

11.

12.

13.

14.

10.

HOYKpaincokuil Haykosutl eicnux. Texuiuni nayku. 2025. Bum. 11(42), 4. II. DOI: https://doi.org/
10.32515/2664-262X.2025.11(42).2.3-10

HastieT., TibshiraniR.,Friedman]. Theelements of statistical learning: datamining, inference, and
prediction. 2nd ed. New York : Springer, 2009. DOI: https://doi.org/10.1007/978-0-387-84858-7
Breiman L. Random forests. Machine Learning. 2001. Vol. 45. P. 5-32. DOI: https://doi.org/
10.1023/A:1010933404324

Kopnienko O. C., Kozy6 H. O. EmmipuyHa oIliHKa «TOYKM HACHYCHHs» AUBepcU(iKallii B
ETF-noprdensx ans npakTudHux pexoMmenpauii. Cyuacni komn 'romepui cucmemu ma mex-
Honoeii : mamepianu VIII Bceykp. nayk.-npaxm. inmepHem-koHg). cmyoenmis, acnipanmise ma
monooux suenux (24 macronana 2025 p., M. XepcoH, M. XMeIbHUIIbKHH) / 3a pea. A. A. I'pu-
ropoBoi. Xepcon : @OII Bumemupcekuit B. C., 2025. C. 154. DOLI: https://doi.org/10.5281/
zenodo.17711825

Ko3y6 H. O., Kopnienko O. C. Cyuachi [T-pimenss 11t iHBeCTHIIIHHUX TTOpTHEiB: JToKai3a-
1ist 175 YKpainu. Bichuk Xepconcbkoeo HayioHanbHo2o mexHiunozo yrigepcumenty. 2024. DOL:
https://doi.org/10.35546/kntu2078-4481.2024.4.37

Tobin J. Liquidity preference as behavior toward risk. The Review of Economic Studies. 1958.
Vol. 25, No. 2. P. 65-86. DOI: https://doi.org/10.2307/2296205

Sharpe W. F. Mutual fund performance. The Journal of Business. 1966. Vol. 39, No. 1. P. 119-138.
DOI: https://doi.org/10.1086/294846

Black F., Litterman R. Global portfolio optimization. Financial Analysts Journal. 1992. DOI:
https://doi.org/10.2469/faj.v48.n5.28

References
Bodie, Z., Kane, A. J., & Marcus, A. J. (2014). Investments (10th ed.). New York : McGraw-Hill
Education [in English].
Markowitz, H. (1952). Portfolio selection. The Journal of Finance, 7(1), 77-91. https://doi.org/
10.1111/5.1540-6261.1952.tb01525.x [in English].
Merton, R. C. (1972). An analytic derivation of the efficient portfolio frontier. Journal of Financial
and Quantitative Analysis, 7(4), 1851-1872. https://doi.org/10.2307/2329621 [in English].
Fabozzi, F. J., Kolm, P. N., Pachamanova, D. A., & Focardi, S. M. (2007). Robust portfolio
optimization and management. Wiley, 2007. https://doi.org/10.1002/9781119202172
[in English].
Grinold, R. C., & Kahn, R. N. (2000). Active portfolio management: 4 quantitative approach for
producing superior returns and controlling risk (2nd ed.). New York : McGraw-Hill [in English].
Meucci, A. (2005). Risk and asset allocation. Berlin; Heidelberg: Springer [in English].
Kozub, N. O., Korniienko, O. S., & Dorenskyi, O. P. (2025). Method and technological solution
of'an Al-based adaptive investor survey service for determining an individual risk profile. Central
Ukrainian Scientific Bulletin. Technical Sciences, 11(42), Part II. https://doi.org/10.32515/
2664-262X.2025.11(42).2.3-10 [in English].
Hastie, T., Tibshirani, R., & Friedman, J. (2009). The elements of statistical learning: Data
mining, inference, and prediction (2nd ed.). Springer. [in English].
Breiman, L. (2001). Random forests. Machine Learning, 45, 5-32. https://doi.org/
10.1023/A:1010933404324 [in English].
Korniienko, O. S., & Kozub, N. O. (2025). Empirychna otsinka “tochky nasychennia”
dyversyfikatsii v ETF-portfeliakh dlia praktychnykh rekomendatsii [Empirical estimation
of the “saturation point” of diversification in ETF portfolios for practical recommendations].
In A. A. Hryhorova (Ed.), Suchasni kompiuterni systemy ta tekhnolohii: materialy
VIII Vseukrainskoi naukovo-praktychnoi internet-konferentsii studentiv, aspirantiv ta molodykh
vchenykh [Modern computer systems and technologies: Proceedings of the VIII All-Ukrainian

https://doi.org/10.32782/mathematical-modelling/2026-9-1-16 ISSN 2618-0332 (print), 2618-0340 (online)

189



ITPUKIIA/THI ITHNTAHHA MATEMATHYHOI O MOJE/IFOBAHHA T. 9, Ne 1, 2026

Scientific and Practical Internet Conference of students, postgraduate students, and young
scientists] (p. 154). Kherson. https://doi.org/10.5281/zenodo.17711825 [in Ukrainian].

11. Kozub, N. O., & Korniienko, O. S. (2024). Suchasni [T-rishennia dlia investytsiinykh portfeliv:
lokalizatsiiadlia Ukrainy [ModernIT solutions forinvestmentportfolios: localization for Ukraine].
Visnyk Khersonskoho natsionalnoho tekhnichnoho universytetu [Bulletin of Kherson National
Technical University], 4(91), 286-290. https://doi.org/10.35546/kntu2078-4481.2024.4.37
[in Ukrainian].

12. Tobin, J. (1958). Liquidity preference as behavior toward risk. The Review of Economic Studies,
25(2), 65-86 https://doi.org/10.2307/2296205 [in English].

13. Sharpe, W. F. (1966). Mutual fund performance. The Journal of Business, 39(1), 119—138.
https://doi.org/10.1086/294846 [in English].

14. Black, F., & Litterman, R. (1992). Global portfolio optimization. Financial Analysts Journal,
48(5), 28-43. https://doi.org/10.2469/faj.v48.n5.28 [in English].

Korniienko Oleksandr Serhiiovych — Postgraduate Student at the Department
of Software and Technologies of the Kherson National Technical University. E-mail:
aleksandrkornienko19992106(@gmail.com, ORCID: 0009-0008-6234-784X.

Kozub Nataliia Oleksandrivna — Candidate of Technical Sciences, Associate Professor of the
Kherson National Technical University. E-mail: actinis1 @gmail.com, ORCID: 0000-0002-0406-0161.

KopnienkoOnekcannp CeprifioBud—acnipantTkadeiprunporpaMHIX3aco0iB1TEXHOIOT1H XepCcoH-
CHKOTO HaITIOHAJILHOTO TEXHIYHOTO YHiBepcuTeTy. E-mail: aleksandrkornienko19992106@gmail.com,
ORCID: 0009-0008-6234-784X.

Ko3y6 Haranist OnexcanypiBHa — K.T.H., JJOLIEHT, JOLIEHT Kadeapu MPorpaMHUX 3aco0iB 1 TeX-
HOJIOT1H XEepPCOHCHKOTO HaIlllOHAJIBHOTO TEeXHIYHOTO YyHiBepcuteTy. E-mail: actinisl(@gmail.com,
ORCID: 0000-0002-0406-0161.

[ara nepmroro HaaxomkeHHs cTarTi 10 BugaHHs: 30.03.2026
Jlata mpUMHATTS CTATTi 0 APYKY micis penensyBanns: 05.05.2026

Hara nmyOmikarii (onpumtogaenss) crarrti: 01.07.2026

CrarTs MOMMPIOETHCS HA YMOBaX JIIICH311
Bigkpuroro goctymny (CC BY 4.0)

https://doi.org/10.32782/mathematical-modelling/2026-9-1-16 ISSN 2618-0332 (print), 2618-0340 (online)
190



