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Abstract. The purpose of the study is to develop a mathematical model for adaptive notification filtering that makes it
possible to optimize the balance between an individual developer’s cognitive focus and collective efficiency (Velocity)
within a dynamic Agile environment.

Method. The research methodology is based on an integrated combination of graph theory to model dynamic logical
dependencies among tasks performed by members of an Agile team, and queueing theory to analyze incoming
notification streams. To formalize individual cognitive losses, the study employs mathematical modeling of nonlinear
exponential relationships that describe the process of concentration recovery («cognitive viscosity») as a function of
uninterrupted work duration. Team-level losses are assessed by computing the expected value of idle time through
stochastic analysis of specialists’ backlog states and by determining node centrality metrics within the project
dependency graph. Optimization of notification delivery timing is achieved by solving a global objective maximization
problem using adaptive weighting coefficients that vary in accordance with the project phase.

Results. The study resulted is a mathematical model and an intelligent notification-filtering algorithm that enable
quantitative balancing between an individual developer’s productivity and overall team velocity. The research
formalizes an autonomy buffer criterion that allows the system to anticipate critical moments when colleagues’ parallel
tasks are nearing exhaustion and to proactively prevent blockage of the project’s critical path. It is demonstrated that the
use of a dynamic sprint-progress coefficient ensures a flexible transition from an aggressive cognitive-focus protection
strategy at the beginning of an iteration to the prioritization of immediate communication during the release phase.
Situational analysis confirms that the proposed approach makes it possible to transform the subjective importance of
messages into measurable economic and temporal metrics (Cost of Delay, Lead Time), minimizing losses caused by
interruptions to the flow state without compromising team synchronization.

The scientific novelty of the study lies in the development of a comprehensive mathematical model for adaptive
notification filtering that, for the first time, integrates the «cognitive viscosity» of an individual developer with a
dynamic graph of team dependencies within the Agile cycle. Unlike existing approaches that treat the specialist as
an isolated unit, the proposed model formalizes the nonlinear relationship between concentration recovery time and
the depth of immersion in the «flow state», and introduces an adaptive sprint-progress coefficient to achieve Pareto-
efficient balancing between the protection of individual cognitive resources and the minimization of team-level
losses. This makes it possible to quantitatively justify the transition from static filtering regimes to context-aware
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communication management, in which message delivery priorities dynamically adjust according to the project phase
and the probability of blocking the critical path.

The practical significance of the obtained results lies in establishing an algorithmic and methodological foundation
for the development of intelligent notification filtering systems capable of dynamically adapting to the phases of an IT
project’s life cycle. Implementing the proposed models in corporate messengers and project management systems will
make it possible to automate the calculation of an «autonomy buffer» for each developer and to apply an intelligent
message «batching» mechanism.

This will enable the minimization of team losses (Cost of Delay) and the optimization of overall development speed
(Lead Time) by eliminating cascading idle time caused by communication delays along critical paths. The proposed
approach makes it possible to transform the subjective importance of information flows into a measurable quantity,
ensuring a balance between protecting an individual’s «flow state» and achieving the collective goals of an Agile team.
Key words: information technology; intelligent notification filtering; mathematical modeling; cognitive processes;
Agile; Agile team; team velocity; communication processes; cognitive viscosity; flow state.

AHoTaniss. Memoro 0ocniddcenns € po3po0OKa MaTeMaTHYHOT MOJIEITI aanTHBHOT (DiJIBTPALlil CHIOBIIICHb, KA JO3BOJISE
OIITHMI3yBaTH OaJaHC MIXK 1HIMBIIyaIbHOIO KOTHITHBHOIO KOHIICHTPAII€0 PO3POOHHKA Ta KOJIEKTUBHOIO €(heKTUBHIC-
10 (Velocity) B ymoBax auHamiuHoro Agile-cepenoBuina.

Memoouxa. Metoauka JTOCIIDKEHHS 0a3yeThCsl HA KOMIUICKCHOMY IMMO€HAHHI anapary Teopii rpadis s Mojaero-
BaHHS JMHAMIYHMX JIOTTYHUX 3aJISKHOCTEH MK 3aBJIaHHSIMH Y4acHUKIB Agile-komanau Ta Teopii MacoBoro oociryro-
BYBaHHS JUIs aHaJI3y BXIJHUX MOTOKIB crioBitieHb. st Gpopmaizawii iHuBiyabHUX KOTHITUBHUX BTPAT BUKOPHC-
TaHO MaTEMaTHYHE MOJICIIOBAHHS HEJIIHIHUX €KCIIOHCHIIIATBHUX 3aJICKHOCTEH, 1110 OMICYIOTh MPOIIEC BiHOBICHHS
KOHIIEHTpallii («KOTHITHBHY B’SI3KICTB») 3aJIS)KHO BiJl TPHBAJIOCTI HerepepBHOI poboTy. OIiHKa KOMaHIHUX BTpAT
3IMIACHIOETHCS IIUISIXOM OOYMCIICHHST MaTeMAaTUYHOTO CIIOIBaHHS MPOCTOIB HA OCHOBI CTOXaCTHYHOI'O aHAIi3y CTaHy
Oexuory (axiBIliB Ta BU3HAYECHHsI [TOKA3HHUKIB LEHTPAILHOCTI BY3JIiB y rpadi NpoeKTHUX 3ajexHocTei. OnrumMizaris
MOMEHTY JIOCTAaBKH ITOBIIOMJICHb Peajli30BaHa uepe3 Po3B’s3aHHsI 3a/1a4i MaKCUMi3allii [100aabHOT I[i1b0BOT (PYHKIIIT
3 BUKOPUCTAHHSIM /IalITUBHUX BaroBUX KOe(MIiI[IEHTIB, 110 3MIHIOIOTHCS BIJIIOBIHO 10 (a3u.

Peszynomamu. Pe3yabraTtoM T0CIIDKEHHS € po3po0iieHa MaTeMaTHYHa MOJIENb Ta ajrOPUTM IHTEJIEKTyalIbHOT (IbTpa-
LT CHIOBIILIEHB, SIKI JI03BOJISIFOTH KiJIbKICHO 30aJIaHCyBaTH iHAMBIIyalbHY MPOIYKTHBHICT PO3POOHUKA Ta KOJIEKTUBHY
mBuAKicTs kKoManu (Velocity). Y xoni podoTtu hopMaizoBaHO KpUTEPIii «3ariacy aBTOHOMHOCTI», IKUH J103BOJISIE CUC-
TeMi ITPOTrHO3yBaTH KPUTUYHI MOMEHTH BUYEPIIaHHS ITapaJieJIbHUX 3a/1a4 y KOJIer 1 3aro0iraru OJIOKyBaHHIO KPUTHYHO-
TO LUISIXY MPO€EKTY. JloBeJeHO, 0 BUKOPUCTAHHS JMHAMIYHOTO Koe(illieHTa Nporpecy CIpUHTY 3a0e31edye THyYKUi
repexiz BiJl cTparerii arpeCMBHOTO 3aXUCTy KOTHITHBHOIO (hOKYCy Ha IOYaTKy iTepauii 1o npiopuTe3awii MUTTEBOT
KOMyHiKalil Ha erari peni3y. CuryauiiHuid aHasi3 miaTBepuB, 10 3aIpOIOHOBaHUH MiXi/1 103B0JIsi€ TpaHc(hopMyBa-
TH Cy0’€KTUBHY BO)XKJIMBICTb TIOBIIOMIICHb Y BUMIpIOBaHI ekoHoMi4Hi Ta yacoBi MeTpuku (Cost of Delay, Lead Time),
MIHIMI3yI04M BTPATH BiJl IEPEPUBAHHS «CTaHy NOTOKY» 0€3 KO JUIsi KOMaHIHOI CHHXPOHi3aLlil.

Hayrosa nosuzna 10CHiIKEHHS TIOJSATA€E Y PO3pOOILI KOMIUICKCHOT MATEMATHYHOI MOJICII a[anTHBHOT (PUIBTparliil CIIOBIIICHS,
sIka BIEPILE IHTErpye (hyHKIIIO «KOTHITHBHOI B SI3KOCTD) 1H/MBITyaJIbHOIO PO3POOHMKA 3 IMHAMIYHUM Ipa)oM KOMaHIHUX
3a5iexHocTell B Mexxax Agile-nmkity. Ha BiziMiHy BiJ| ICHYIOYHX IIZXO/IB, 110 PO3IISIAI0TH (paxiBLIs SIK 130/1b0BaHY OIMHHULIIO,
3arpoINOHOBaHa MOZIEb (POPMaJTi3ye HEITIHIMHY 3aJICKHICTh Yacy BiTHOBJICHHS KOHIICHTPALIIT Bi/] NIMOUHH 3aHYPECHHS Y «CTaH
TIOTOKY» Ta BBOIMTb aaNTHBHUIA KoediuieHT nporpecy cripuHTty st [Tapero-ehekTrBHOIO OaslaHCyBaHHS MK 3aXHCTOM
TH/IMBITyaJIbHOTO KOTHITUBHOIO PECYPCY Ta MiHIMI3alli€r0 KOMaHAHKUX BTpaT. L{e M03BOMMIT0 KiIbKICHO OOIPYHTYBATH Mepexis
BiJI CTaTMYHUX PEKUMIB (DUIBTpALil 10 KOHTEKCTHO-3aJIeKHOTO YIPABIIIHHS KOMYHIKALSIMH, JIe TIPIOPUTETHICTD JIOCTABKH
TOBIIOMJICHB JIMHAMIYHO 3MIHIOETHCS 3aJICKHO BiJT (ha3u POEKTY Ta IMOBIPHOCTI OJIOKYBAHHS KPUTUYHOTO IILISIXY.
Ipaxmuune 3nauennsi OTPUMAHUX PE3YJIBbTATIB MOJISATA€ Y CTBOPEHHI aJITOPUTMIYHOTO Ta METOJMYHOTO MiJATPYHTS IS
PO3pOOKHU IHTEICKTYyaJbHUX CHUCTEM (UIBTpAIll CIOBIIICHD, 3MaTHUX JWHAMIYHO aganTyBaTucs 10 (a3 KUTTEBOIO
ity [T-npoexrty. BripoBapkeHHs po3po0IeHIX MOJeIIel Y KOPIIOpaTHBHI MECEH/IKEPHU Ta CUCTEMH YIIPaBIIiHHS [IPO-
€KTaMH JIO3BOJIUTH aBTOMATU3YBaTH PO3PaXyHOK «3aracy aBTOHOMHOCTI» JIJIsl KOKHOTO pO3POOHHKA Ta 3aCTOCOBYBATH
MEXaHi3M IHTEJIEKTYaJIbHOTO «IIaKeTyBaHHD» MTOBIJIOMJICHb.

Le 3a0e3neunTs MOXIIMBICTH MiHIMI3yBaT koMan/Hi Brparu (Cost of Delay) Ta ontumizyBaru 3arajbHy HIBHIKICTH
po3podku (Lead Time) nuisixoM yCyHEHHsI KaCKaJHUX IPOCTOTIB Yepe3 3aTPUMKH KOMYHIKallii Ha KpUTHYHUX HIIIXAX.
3anpornoHOBaHMHN MiJIXifl I03BOJIUTE TPAaHC(HOPMYBATH Cy0’€KTHBHY Ba)KIIMBICTh 1H(OPMaIiHHUX ITOTOKIB Y BUMIpIO-
BaHy BEJIMYMHY, 320€3Meuyoun OalaHC MIXK 3aXHCTOM 1H/IMBIyaIbHOTO «CTaHy IOTOKY» Ta JOCSTHEHHSIM KOJICKTHB-
HUX Lited Agile-komaHu.

KoarouoBi ciioBa: ingopmariiiHi TEXHOJOTI; iHTeNIeKTya bHa (QUIBTpAllis CHOBIILEHb; MaTeMaTHYHE MOJICIIIOBAHHS;
KOTHITHBHI nipouiecy; Agile; Agile-komana; komaH/1Ha €(pEeKTHBHICT; KOMYHIKaI[ii{HI IPOLIECH; KOTHITHBHA B’ SI3KICTB;
CTaH IMOTOKY.
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FORMULATION OF THE PROBLEM

In modern software engineering, a specialist’s
productivity is directly linked to their ability to maintain
prolonged and uninterrupted cognitive focus, often
referred to in psychology as the «flow state». In this state,
a developer can manipulate complex mental models of
code and architecture with maximum efficiency. Within
the context of software engineering, this psychological
phenomenon directly impacts the quality of architectural
decisions, the speed of feature implementation, and the
number of errors arising during the development of
complex software systems.

However, contemporary Agile methodologies (such
as Scrum or Kanban) are built on principles of high-
intensity communication, which is necessary to ensure
continuity in development processes and rapid adaptation
to changes. This creates a fundamental contradiction
between individual and team productivity:

A. Cognitive aspect. Individual attention-protection
mechanisms, such as filtering or ignoring notifications,
are necessary to maintain focus. However, any
delay in responding to incoming information creates
communication gaps.

B. Systemic aspect. In the context of tightly
interdependent tasks within an IT team, a delayed
response from a single specialist can lead to cascading
idle time for other project participants. This is critical for
tasks on the development’s critical path, where a delay in
one component blocks the work of the entire team.

C. Limitations of existing solutions. Traditional
notification management systems (DND modes, static
filters) typically operate under a limited set of rules that
do not account for the Cost of Delay for the team at a
given moment. They treat the user as an isolated unit,
ignoring the dynamics of the sprint and the specialist’s
current role within the team dependency graph.

Thus, the task of formalizing a quantitative
relationship between a developer’s individual cognitive
losses and team efficiency metrics (such as Velocity
and Lead Time) within the Agile cycle becomes highly
relevant, necessitating the development of adaptive
mathematical models for intelligent notification filtering.

ANALYSIS OF RECENT RESEARCH
AND PUBLICATIONS

Research in cognitive psychology, including studies
conducted in IT environments [1-3], confirms that
context recovery after an interruption takes between 10
and 15 minutes, leading to the degradation of mental
task models. Study [4] examined the impact of incoming
notifications on work process quality.

Existing technical solutions, such as IBM’s Intelligent
Notification System [5] or the PrefMiner system [6, 7],
leverage contextual data (e.g., calendar, location) and
machine learning to predict the importance of messages.
These systems represent the current direction of research
in intelligent notification filtering, focusing on the use of
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contextual information and machine learning methods
to assess message relevance. However, most existing
models treat the specialist as an isolated unit.

Research [8] highlights the need to account for the
dynamics of Agile teams, as well as the application of
intelligent technologies in IT project management under
the Scrum framework [9, 10]. Yet, previous studies have
not proposed a formalized mathematical framework that
links individual cognitive resources to group development
velocity (Velocity).

In [11], V. Ziuziun and A. Avramets developed a
conceptual model of an intelligent notification filtering
system, integrating user context analysis, dynamic
profiling, and strict service-level constraints (SLA) for
critical events. This work laid the foundation for the
research presented in this publication.

Since existing approaches largely ignore the team
development context, do not account for the dynamic
structure of task dependencies, and do not allow for the
assessment of team losses caused by communication
delays within a sprint or iteration, the investigation of this
problem remains highly relevant.

SEPARATION OF PREVIOUSLY UNRESOLVED
PARTS OF THE OVERALL PROBLEM

The question of quantitatively measuring the negative
impact of individual notification filtering on team
metrics (Lead Time, Cycle Time) remains unresolved. In
particular, the following gaps can be highlighted:

— the absence of mathematical relationships linking
notification delays to the likelihood of blocking the
project’s critical path;

— the lack of cognitive viscosity models that account
for the nonlinear nature of concentration recovery
depending on the depth of prior immersion in work;

— the absence of algorithms for dynamically
allocating priorities based on the phase of the sprint
lifecycle.

PURPOSE OF THE RESEARCH

The purpose of this study is to develop a mathematical
model for adaptive notification filtering that optimizes
the balance between a developer’s individual cognitive
concentration and collective efficiency (Velocity) within
a dynamic Agile environment.

METHODS, OBJECT
AND SUBJECT OF RESEARCH

Research object. The processes of information
interaction and resource coordination in distributed IT
teams using Agile methodologies.

Research subject. Mathematical models and
algorithms for intelligent notification filtering that
account for the dynamics of a developer’s cognitive state
and the structure of team dependencies.

Research methods. Graph theory (modeling task
dependencies), queuing theory (analysis of notification
flows), multi-objective optimization, and stochastic
modeling (Monte Carlo simulation).
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PRESENTATION OF THE MAIN MATERIAL

In modern software engineering, a specialist’s
productivity directly depends on their ability to
maintain prolonged and uninterrupted cognitive focus,
often referred to as the «flow state» [12]. In this state,
a developer manipulates complex mental models of
code and architecture with maximum efficiency, which
directly affects the quality of decisions and the speed of
feature implementation. However, the nature of Agile
methodologies, such as Scrum or Kanban, requires high-
intensity communication to enable rapid adaptation
to changes, creating a fundamental conflict between
individual focus and team efficiency. Any delay in
responding to incoming information can lead to cascading
idle time and blockages along critical development paths
[13], while immediate interruptions degrade concentration,
the recovery from which requires substantial time.

Existing notification management systems typically
operate under static rules and treat the user as an isolated
unit, ignoring sprint dynamics and the developer’s
current role within the team dependency graph. There is a
pressing need for intelligent models capable of assessing
the Cost of Delay for the entire team and comparing it
with an individual developer’s cognitive losses. Such an
approach allows not merely blocking notifications but
adaptively managing delivery priorities depending on
the project lifecycle phase — from aggressively protecting
focus at the beginning of the sprint to immediate
synchronization before the release.

To implement such balancing, it is necessary to
move beyond qualitative descriptions and formalize
a quantitative relationship between an individual’s
psychophysiological state and the efficiency metrics of
the entire Agile team. This requires the development of
a mathematical framework that integrates a developer’s
«cognitive viscosity» function with a dynamic analysis
of the team dependency graph.

Let us now examine in more detail the mathematical
modeling of team losses that arise from delayed
notifications.

1. Mathematical modeling of team losses

We represent the team as a directed graph [13—15]:

G=(V.E), (1
where V' represents the specialists, and E represents
the logical dependencies between their tasks. For each
notification s delayed by 7, , there exists a mathematical
expectation of team losses E,,, [12]. Team losses occur
when a notification is delayed beyond a colleague’s
autonomy reserve of tasks.

To quantitatively assess this effect, we introduce the
expected team loss, defined as:

M
E, (S’tdel) = Z(l —e M )'Cj '(tde/ _talt,j) > ()
. . =1 .
where p; s the intensity parameter for the exhaustion of a

colleague’s alternative tasks. To improve the accuracy of the
model, the task-exhaustion intensity parameter is proposed

to be calculated based on the current state of the specialist’s
backlog in the project management system [12]:

- )
szlwp Lot p
where 7, , — the estimated completion time of specialist
J p—th active task;

w, —the priority coefficient of the task. This approach
accounts for the fact that the risk of idle time (Cost of
Delay) increases exponentially as the number of available
alternative tasks for colleagues decreases;

(l—ef“""’”’ — an exponential factor formalizing the
probability that a colleague’s alternative tasks will be
exhausted. The longer the delay ¢,,, the closer the value
approaches 1, representing complete blockage;

C, —the cost per hour of specialist j . his parameter
introduces an economic dimension, allowing E,, to be
measured in monetary or resource equivalents;

t,,.; — he time during which a colleague can remain
productive without receiving a response (availability of
parallel tasks);

tw—tu,) =max(0.t,,—t, ) — an operator
formalizing that team losses begin to accrue only
after the internal autonomy reserve of specialist j is
exhausted. Mathematically, this introduces the concept
of a «developer’s autonomy reserve»: losses start
accumulating only when the waiting time exceeds the
time the colleague can spend on parallel tasks.

2. Cognitive viscosity function

Cognitive viscosity refers to a property of a
developer’s mental state that determines the complexity
and duration of recovering the work context after an
interruption.

To describe individual developer losses, we use the
concentration recovery function . , which accounts for
the nonlinear nature of accumulated cognitive load:

M, =

work 2
where T, — the duration of uninterrupted deep work
before receiving a notification;

T,., — the minimum time required to switch attention;

6 — the cognitive viscosity coefficient, representing
the maximum theoretical context recovery time for a
specific developer;

k — the immersion rate parameter, reflecting the
complexity of the current mental task model.

The use of the exponential function o-(1-e
appropriately captures the psychological effect of « depth
of immersion».

This formula mathematically confirms that
interruptions after a prolonged work cycle (Z,,,,> 90min)
cause significantly greater harm than concentration
degradation at the beginning of the cycle. For small
T, (start of work), losses are minimal ( ~t,,, ), whereas
during extended work sessions (7,,,>90min) hey
asymptotically approach the maximum (7, +c). This
supports the assertion that interruptions during the “flow”
state are the most destructive.

kT
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3. Global optimization objective function

The core of the system’s decision-making is to
solve the problem of maximizing collective efficiency
F , interpreted as a generalized utility [16-17], which
accounts for both the individual cognitive resources and
team losses due to communication delays:

N
maXF = Z(a : vacux,i - B : Trec,i ) - Y(R) : ZE’DSS (S7tdel)’ (5)

i=1 ses
where T, is the predicted time that specialist i will
remain in a state of concentration;
o, — weighting coefficients for prioritizing deep
work and minimizing fatigue, respectively;
y(R) — dynamic sprint progress coefficient, calculated

as:
Y(R)=7,-¢€", (6)
trurrem
R=fomat (7)
sprint_end

This provides flexibility: at the beginning of the sprint
(R—0), the system aggressively protects developers’
focus, whereas prior to the release (R —1), the priority
shifts to immediate team communication.

4. Algorithmic implementation

The algorithmic implementation of the proposed
model is based on a combination of graph theory methods,
stochastic optimization, and analysis of the user’s
cognitive context. The intelligent notification filtering
system treats each incoming message as an event that
can potentially shift the balance between a developer’s
individual cognitive concentration and the collective
efficiency of the Agile team.

The algorithm is based on a dynamic, directed, weighted
graph of team dependencies G, =(V,E), where the set of
vertices V' represents team members (or their active tasks),
and the set of edges E reflects the current logical and
temporal dependencies between their tasks within the sprint.
The graph is time-varying and is updated whenever task
statuses change in the project management systems.

The decision-making algorithm for message delivery
consists of several interconnected stages.

A. Semantic analysis of the message. The vector
representation of a message is compared with vectorized
representations of active tasks, code fragments, or
documentation that the developer is working on. The
result is a relevance coefficient R €[0,1], s which is used
as a weighting factor in subsequent optimization.

B. Analysis of the team dependency graph. In the
second stage, the position of the message recipient within
the graph G is analyzed using classical graph algorithms.

First, the critical path algorithm is applied to
determine whether the developer’s current task lies on
the sprint’s critical path. An interruption of a specialist on
the critical path is considered a factor that significantly
increases the risk of team losses.

Secondly, for each node in the graph, centrality
metrics — particularly betweenness centrality — are
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calculated to quantitatively characterize a specialist’s role
in transmitting informational and logical dependencies
between other team members. A high centrality value
is interpreted as an increased team sensitivity to
communication delays with that participant.

Additionally, breadth-first search (BFS) algorithms
with time constraints are used to assess the reachability of
nodes where delayed responses could trigger cascading
idle time within a predicted time window. This approach
enables the detection of hidden dependencies that
are not directly on the critical path but can still cause
disproportionate team losses.

C. Assessment of team and individual losses. In
the third stage, a quantitative evaluation of alternative
message delivery scenarios is performed [18]. For each
permissible delivery time ¢, the following are calculated:

— individual cognitive losses of the developer, based
on the cognitive viscosity function;

— expected team losses, which depend on the
structure of the dependency graph, colleagues’ autonomy
reserves, and the centrality measures of the recipient.

Taking into account the current sprint phase, a
dynamic progress coefficient is introduced, which
adaptively adjusts the balance between protecting
individual focus and minimizing team delays. Thus, in
the early stages of the sprint, the system prioritizes deep
concentration, whereas in the final stages, the emphasis
shifts toward immediate communication.

D. Optimization of delivery timing. The final decision
is made by maximizing a global utility function. For each
delivery scenario, a value of generalized efficiency is
determined, after which the delivery time ¢, is selected
to achieve the optimal balance between individual and
team productivity levels.

If the optimal delivery time falls within the allowable
delay threshold, the message is delivered immediately.
Otherwise, the system applies a notification bundling
mechanism, aligning delivery with predicted natural
pauses in the developer’s workflow.

5. Computational complexity and practical feasibility.

The proposed algorithm employs graph-based
procedures with polynomial complexity. The main
operations (BFS, centrality calculations, critical path
analysis) can be performed incrementally as task states
change, ensuring the approach is scalable for medium—
and large-sized teams. Practical integration of the
algorithm is feasible as a middleware service between
corporate messaging platforms and project management
systems.

Table 1 presents an example of a situational case,
illustrating how the notification management tools
proposed in this study can be applied in Agile teams.

The analysis of the example presented in Table 1
demonstrates the practical implementation of the
developed mathematical model through a comparison
of two polar states of the Agile cycle. The scenario
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Table 1. Example of a situational case

Scenario: Development of the «Payment Gateway» feature

payment form.

Backend Developer (Team member 1) — Working on a complex encryption algorithm.
Frontend Developer (Team member 2) — Waiting for the updated API documentation to complete the integration of the

for 100 minutes
(Twork = 100).

100 minutes
(Twork = 100).

Event. Team member 2 sends a message: «Can you clarify the
JSON format for the expiry_date field?».

Event. Team member 2 sends a message: «Can you clarify the
JSON format for the expiry date field?».

System calculation:

— Since it is the beginning of the sprint (R — 0), the dynamic
coefficient y(R) has a low value.

— The cognitive viscosity function T,.,. indicates that an
interruption now would cost Team member 1 approximately
20 minutes to restore context.

— Team member 2 has an «autonomy reserve» (t;,). She has
another frontend task in the backlog that she can work on for
the next 2 hours.

System calculation:

— Now R — 1,(end of the sprint), so the coefficient y(R) grows
exponentially.

— Analysis of the dependency graph shows that Team member
2’s task is now on the critical path — without this response, the
feature release is blocked.

— Team member 2’s autonomy reserve is depleted (t,, = 0), and
any waiting time generates a high Cost of Delay (Ejoss) for the
entire team.

Decision. The system bundles the notification. Team member
2 does not receive an immediate response, while Team
member 1 continues working without losing focus.

Decision. The system delivers the notification immediately,
despite Team member 1 being in a flow state. The team goal
(release) takes priority over individual comfort.

describes a typical development dependency: a frontend
specialist cannot complete the integration of a payment
form without the API specification being prepared by a
backend developer.

In Situation A (the beginning of the sprint), the system
prioritizes individual cognitive concentration. Since the
sprint progress coefficient R is close to zero and a colleague
has an «autonomy reserve» in the form of alternative tasks,
the system bundles notifications, preventing a 20-minute
loss associated with restoring the flow state.

By contrast, in Situation B (the end of the sprint),
priorities shift: a high value of y(R) and the absence
of autonomous resources on the colleague’s side make
any delay critical for the release. In this case, the system
opts for immediate delivery despite the recipient’s high
cognitive viscosity, because team losses (£, ) outweigh
the benefits of individual focus.

The presented situational analysis confirms that
the proposed model makes it possible to transform
the subjective notion of message «importance» into
a measurable quantity grounded in objective project
metrics. The use of adaptive weighting coefficients
ensures system flexibility, enabling it to autonomously
balance the protection of an individual developer’s
intellectual capital with the team’s overall velocity.

This approach addresses the key limitation of existing
static filters — their inability to respond to changing context
and moment-specific criticality within an iteration. Thus,
the algorithm provides dynamic resource optimization
in which individual comfort yields to the collective goal
only when justified by the risk of blocking the entire
development process.

DISCUSSION OF THE OBTAINED RESULTS

The obtained results confirm the hypothesis that the
effectiveness of intelligent notification filtering in I'T teams

cannot be based solely on the analysis of an individual
user’s state. The key advantage of the developed model
lies in the transition from static Do Not Disturb (DND)
modes to dynamic balancing, in which each interruption
is evaluated through the lens of the project-wide Cost of
Delay.

The mathematical formalization of «cognitive
viscosity» makes it possible to objectively assess the
damage caused by interruptions to the flow state. In
particular, the model shows that during prolonged work
sessions (7,,,>90min ) the concentration recovery time
T, asymptotically approaches its maximum value,
making interruptions in this period the most destructive.

An important aspect of the discussion is the
introduction of the dynamic sprint progress coefficient
v(R). The situational analysis (Table 1) demonstrated
that the system is capable of contextual adaptation. At
the beginning of a sprint, priority is given to preserving
individual «intellectual capital», as the presence of an
«autonomy reserve» among colleagues mitigates the risk
of idle time.

Prior to release, the model automatically shifts its
focus toward collective velocity, since the probability
of blocking the critical path increases, and any delay in
communication leads to cascading losses.

The proposed algorithm resolves a fundamental
contradiction between individual concentration and
team interaction in Agile — an issue that has been largely
ignored by most existing solutions, which typically treat
a specialist as an isolated unit.

CONCLUSIONS

The study presents a comprehensive investigation
of the problem of managing information flows in Agile
teams and proposes new approaches to the intelligent
filtering of notifications.
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1. A comprehensive mathematical model has been
developed that, for the first time, integrates the function
of an individual developer’s «cognitive viscosity» with
a dynamic graph of team dependencies. This makes it
possible to quantitatively measure the balance between
individual focus and collective development velocity.

2. A formalization of team losses ( E,, ) based on
graph theory and backlog analysis is proposed. The
introduction of the «autonomy reserve» operator enables
the system to predict the moment when a delayed
response will begin to genuinely block the work of other
sprint participants.

3. An algorithm for the dynamic allocation of
priorities has been formulated, based on the semantic
analysis of messages and the computation of centrality
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measures within the dependency graph. The use of
an adaptive coefficient y(R) ensures flexible control
depending on the phase of the project life cycle.

4. The practical significance of the model has been
demonstrated through situational analysis of development
scenarios. The implementation of such algorithms makes
it possible to minimize the Cost of Delay and optimize
Lead Time by intelligently «bundling» messages during
predicted pauses in specialists’ work.

The developed models provide a scientific and
methodological foundation for the creation of modern
intelligent development support systems capable of
autonomously balancing the protection of human
cognitive resources with the achievement of the shared
goals of an Agile team.
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