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Headline

Human beings have an inherent need to exert control over
their actions, seeking to understand and manage their

environment through continuous feedback from multiple indi-
cators. Naturally, football was never going to be the exception.
In recent years, we have witnessed a technological revolution
in the tracking and analysis of player movement. This evolu-
tion has provided a more precise and detailed understanding
of both competitive contexts (Bradley et al., 2018; Chena et
al., 2021; Hader et al., 2019; Lobo-Triviño et al., 2024; Piñero
et al., 2023) and training environments (Chena et al., 2020;
Chena et al., 2022; Clemente et al., 2019).

Advanced technologies have unlocked the ability to conduct
fine-grained analyses of athletes’ individual needs, enabling
the identification of personalized performance profiles (Chena
et al., 2020; Hader et al., 2019). Capturing as much real-time
information as possible has become a priority in the pursuit
of competitive success. The dynamic nature of team perfor-
mance and injury epidemiology has highlighted the need for
effective tools to support practical decision-making through-
out the training process (Ekstrand et al., 2022; Hägglund et
al., 2013; Impellizzeri et al., 2020).

However, despite technological advances and the growing
volume of available data, much of the current research contin-
ues to rely on reductionist approaches, where interpretation
is based on the isolated analysis of individual variables (Ver-
hagen & Gabbett, 2019). Ignoring the complex interactions
between contributing factors may lead to a fragmented and
limited understanding of what is truly happening.

Only through the strategic integration of goal-sensitive vari-
ables and a logical sequencing of events can we generate
meaningful knowledge that is useful for decision-making in
real-world performance settings (Campos-Vázquez & Jiménez-
Iglesias, 2024; Gabbett, 2020; Verhagen & Gabbett, 2019).

Aim
Therefore, the aim of this study was to propose a practical
and visual framework designed to support coaches and fitness
coaches professionals in making context-driven decisions based
on monitored data and real-world performance needs.

Why is training load monitoring important in football?
The evolving nature of football has made it increasingly nec-
essary to accurately control the physical demands imposed by
the game (Lago-Peñas et al., 2023). Over the past few decades,
the systematic description of metrics related to match load has
provided practitioners with essential tools to evaluate players’
physical performance, taking into account multiple contextual
variables (Bradley et al., 2018; Castellano et al., 2022; Lago
et al., 2010).

This body of knowledge has emerged as a key reference point
for designing and prescribing weekly training loads (Campos-
Vázquez & Jiménez-Iglesias, 2024; Chena et al., 2020; Mart́ın-
Garćıa et al., 2018; Owen et al., 2017). The training process
must ensure a sufficient stimulus to elicit the desired adapta-
tions. Inappropriate or excessive loads compromise the indi-
vidual physical condition, increase injury risk, and affect team
performance (Gabbett, 2016).

In this context, monitoring training load variables becomes a
crucial strategy to optimize performance while respecting the
player’s individual limits of tolerance (Gabbett, 2016; Van-
renterghem et al., 2017). Regular monitoring of selected load
variables enables practitioners to identify patterns and trends
in the training model, facilitating the comparison between im-
posed training loads and actual competitive demands. This
also allows the establishment of workload ratios and expo-
sure percentages relative to each player’s competitive profile
(Chena et al., 2020; Owen et al., 2017). Based on this in-
formation, practitioners can implement short- and long-term
load management strategies that respect individualization and
support the adaptation process (Ravé et al., 2020).

One of the primary goals of load monitoring is to prevent
or reduce the negative consequences of training: excessive fa-
tigue, overtraining, or injury. The relationship between train-
ing load and injury incidence has been widely debated in the
scientific literature (Ehrmann et al., 2016; Delecroix et al.,
2018; Gabbett et al., 2016; Howle et al., 2020; Malone et al.,
2017), especially given the growing concern among health pro-
fessionals and sport scientists working with footballers (Ek-
strand et al., 2022).

Training load, therefore, is considered a modifiable risk fac-
tor. While high training loads have been associated with in-
creased injury risk, it has also been demonstrated that in-
adequate or poorly structured training can negatively impact
player health (Colby et al., 2018; Gabbett, 2020; Malone et
al., 2017). At the same time, solid evidence suggests that ade-
quate exposure to optimal loads may have a protective effect,
derived from the adaptations triggered by the training process
itself (Colby et al., 2018; Gabbett, 2020; Malone et al., 2017).

In summary, training load monitoring stands out as an es-
sential tool for optimizing performance and minimizing injury
risk. However, in the ongoing pursuit of excellence, managing
the increasing volume of data remains a complex challenge for
coaches and support staff.

In the following sections, we will present practical crite-
ria aimed at transforming raw data into meaningful informa-
tion, and information into knowledge-facilitating interventions
that integrate the key objectives of all stakeholders (players,
coaches, strength and conditioning staff, and medical person-
nel).
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Perhaps the most useful starting point when analyzing and
interpreting data is to ask: What are we trying to achieve
through athlete monitoring?

How can training load data be interpreted?
The optimal distribution of training loads, in line with the
athlete’s physiological adaptation principles, is a complex pro-
cess influenced by factors that often fall outside of our con-
trol. However, there are useful strategies to guide the moni-
toring process through sound management of the metrics we
can control (Gabbett, 2020; Impellizzeri et al., 2020). As
previously mentioned, a well-structured distribution of load
can enhance athletic performance, while poor planning may
lead to overtraining, injury, or mechanical and functional de-
cline (Gabbett, 2016). Therefore, information management
should follow a methodological process that includes data col-
lection, storage, transformation, analysis, interpretation, visu-
alization, and communication—ultimately facilitating practi-
cal and contextualized decision-making (Lacome et al., 2018).

Nevertheless, interpreting data goes beyond numbers. It re-
quires a deep understanding of the specific context surround-
ing each athlete and situation.

One key concept in this process is the dose-response relation-
ship, which reflects the interaction between training load and
the resulting physical and physiological responses (Clemente
et al., 2019). This relationship is modulated by several fac-
tors, including an athlete’s load tolerance, the appropriateness
of the stimulus, the moment within the season, and the indi-
vidual level of adaptation to the prescribed activities.

Since the player is the central figure in this process, it be-
comes necessary to connect external load variables with in-
ternal load measures to better understand the dose-response
relationship (Jeffries et al., 2022). Training outcomes depend
on the psychophysiological stress (internal load) experienced
by the player, which in turn is shaped by the imposed external
load and the individual’s characteristics (Gabbett et al., 2017;
Impellizzeri et al., 2005).

So, what levels of training load should we target to ensure
that players or teams reach optimal readiness? How much is
too little, sufficient, or excessive—especially in terms of safe-
guarding player health?

These questions are often approached from a reductionist
perspective, where factors are examined in isolation without
accounting for their interactions (Gabbett et al., 2017; Verha-
gen & Gabbett, 2018). However, achieving a positive train-
ing effect requires finding the right balance between applied
load and the athlete’s capacity to tolerate it. It’s not just
about managing the workload, but adapting it to individual
tolerance. When this balance is disrupted, the risk of adverse
effects on health and performance increases significantly (Ver-
hagen & Gabbett, 2018).

Moreover, both training load and load capacity are dy-
namic—constantly fluctuating based on contextual factors. A
training dose that is appropriate today may not be suitable
tomorrow, depending on variables that shift this balance (Ver-
hagen & Gabbett, 2018).

Evidence suggests that many non-contact lower limb injuries
are linked to excessive exposure to high-speed running. How-
ever, several studies have overlooked the potential protective
effect of chronic load accumulation (Malone et al., 2017). It
is this progressive and sustained exposure that fosters adap-
tations and increases tolerance to training stress. In contrast,
sudden spikes in workload over short periods are often respon-
sible for soft-tissue injuries (Gabbett, 2018). In other words,
the difference between “poison” and “antidote” lies in the dose.

One of the most common strategies for estimating appro-
priate load is to compare what is being done to what has pre-

viously been done. Gabbett (2018) showed that players with
higher chronic training loads had up to five times less injury
risk compared to those with low chronic exposure. Similarly,
Colby et al. (2018) found that minimal exposure to high-speed
running was associated with the highest risk of injury.

Foundational training principles—such as progressive over-
load and tapering—are key to promoting adaptation. In foot-
ball, where matches occur once or more per week, a wavelike
distribution of training load is essential to maximize physi-
cal performance (Chena et al., 2020; Ravé et al., 2020). The
real challenge lies in identifying which load fluctuations de-
serve attention, particularly given the variability across mi-
crocycles and competitive calendars (Ravé et al., 2020). Play-
ers with optimal chronic loads are better prepared to tolerate
these fluctuations than those with suboptimal preparation lev-
els (Gabbett, 2018).

Within this context, other fundamental questions arise: Are
players tolerating their training loads appropriately? Are they
truly ready to train or compete under optimal conditions?

The relationship between objective load variables and sub-
jective wellness measures can offer valuable insights (Gabbett
et al., 2017). It is important to remember that low per-
ceived wellness is not always exclusively caused by physical
load—highlighting the need to consider complementary and
contextual factors.

Finally, incorporating objective data on player readiness is
crucial. It is well established that residual fatigue from intense
matches or training can impair functional capacity (Silva et al.,
2018). Practitioners often use performance tests to assess re-
covery kinetics (Nédélec et al., 2012). Combining these results
with wellness assessments provides actionable insights into
whether players are ready to train or compete—or whether re-
covery strategies or workload modifications are needed (Gab-
bett et al., 2017).

Considering that coaches must navigate daily decisions to
help their players perform at their best, the following section
introduces the Dynamic Quadrant Model—a tool designed to
optimize the decision-making process. While this model is
inspired by the monitoring cycle proposed by Gabbett et al.
(2017), it incorporates specific contextual elements from the
world of football (Buchheit et al., 2024), making it highly rel-
evant for real-world application.

What is the Dynamic Quadrant Model and how does

it support decision-making?
In a sport like football, where players face numerous matches
over short recovery periods, the efficient management of in-
formation has become a top priority. Considering that each
player is, in essence, a “data factory,” the overwhelming volume
of recorded metrics can quickly become a source of confusion
for coaching and performance staff if not properly structured.

The Dynamic Quadrant Model emerges as a practical tool
designed to facilitate decision-making based on monitored
data. Its purpose is to transform information into action,
enabling interventions that are both context-sensitive and
performance-oriented.

Football is a long-season sport in which every match counts
equally. Training must prepare players to perform optimally
with limited recovery time throughout an extended competi-
tive period. This means that coaching interventions are con-
stantly shaped by the residual effects of the previous match
and the specific demands of the next.

To ensure optimal stimulus assimilation, training priori-
ties must be sequenced in accordance with the players’ psy-
chophysiological state. However, not all microcycles follow
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the same structure, as the competitive calendar introduces
significant variability. This reality demands a model that can
dynamically adapt to the weekly context while still respect-
ing the biological principles of adaptation and the individual
needs of each player.

The following section presents the step-by-step structure of
the Dynamic Quadrant Model, broken down into a series of
quadrants (Figure 1) that provide a visual and operational
guide for each phase of the planning, intervention, and adjust-
ment process.

Fig. 1. Dynamic Quadrant Model for Decision-Making in Soccer Training.

Quadrant 1A - Match Demands and Competitive Con-

text
Fatigue resulting from a football match is characterized by
a temporary decline in physical performance during the hours
and days following competition (Nédélec et al., 2012). This fa-
tigue directly affects the scope of training interventions in the
early stages of the microcycle, where recovery-focused content
or compensatory work for non-starters should be prioritized
(Buchheit et al., 2024).

To anticipate the week’s planning, the first step of the model
involves evaluating the demand of the previous match, under-
stood as the result of the interaction between the workload
and the athlete’s response (i.e., the internal load or stress ex-
perienced), as well as the competitive complexity (external
contextual factors that may influence match demands—e.g.,

travel, match outcome, red cards, opponent level, league rank-
ing, home vs. away status, etc.).

This integrated view allows the categorization of match de-
mands on an individual basis, offering a first-layer interpre-
tation of the type of match each player experienced. This
foundation enables more accurate anticipation of player needs
and informs the early stages of training week design.

Quadrant 1B - Time to Next Match and Prioritization

of Objectives
The second step in the model builds on a fundamental premise:
the available recovery time until the next match, taking into
account the residual effects of the previous one. The shorter
the turnaround, the greater the need to prioritize regenerative
content; the longer the time available, the greater the oppor-
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tunity to include adaptive training stimuli. By relating the
player’s fatigue status (assessed via wellness questionnaires or
objective indicators) with the number of days until the next
match, practitioners can establish appropriate training priori-
ties. This enables a coherent weekly periodization that aligns
with team objectives while maintaining individualization.

This quadrant not only guides the weekly training pro-
gression, but also serves to connect recent past and near fu-
ture—bridging the influence of the last match with the de-
mands of the upcoming one. It respects the biological princi-
ple of recovery-adaptation, and supports a balanced approach
between performance optimization and player health.

Quadrant 1C - Training Load Distribution
Once the microcycle objectives have been established—based
on players’ psychophysiological state and the competitive
schedule—the next step in the model is to distribute the train-
ing load across the week.

According to scientific evidence, this planning should fol-
low a periodized logic that respects the principles of biological
adaptation. Traditionally, training sessions are grouped into
three phases: recovery, acquisition, and tapering. However,
the irregular nature of the competitive calendar often makes
strict adherence to these phases challenging, requiring prac-
titioners to prioritize and adjust planning according to the
specific needs of each context (Buchheit et al., 2024).

To guide this process, the model suggests defining the ten-
dency of each session based on the interaction between volume
and intensity. This combination allows for a more precise clas-
sification of the session profile (Campos-Vázquez & Jiménez-
Iglesias, 2024). It is important to note that the interpretation
of what constitutes “high” or “low” load must be individual-
ized, using each player’s competitive profile as the primary
reference.

Within this framework, we introduce the concept of “restora-
tive stress” to describe recovery sessions. Although these ses-

sions are characterized by lower loads, they are not “empty”
or “passive.” Their purpose is to provide a sufficient stimulus
to promote regeneration and rebalancing of systems altered
by the previous match or demanding sessions. This active
stimulation supports the recovery process, sustains the adap-
tive rhythm, and gradually prepares the player for the next
training load.

Quadrant 1D - Training Task Profile
Once the weekly load and its distribution have been defined,
the next step is to determine what type of training tasks will
be included in each session. In modern football—where techni-
cal and tactical priorities often dominate—the true challenge
lies in designing tasks that simultaneously achieve physical
and tactical goals, without compromising either.

Scientific evidence has shown that well-structured technical-
tactical training can significantly enhance physical condi-
tioning while also reducing perceived fatigue (Castellano &
Casamichana, 2016; Chena et al., 2022). This makes it a
strategic tool for optimizing overall performance.

According to the literature, the physical demands of drills
can vary depending on numerous variables. However, to sim-
plify the process, the model proposes a quadrant based on two
key variables in task design: the size of the playing area and
the number of players involved.

This classification allows coaches to align training task de-
sign with pre-established objectives, maintaining coherence
between tactical content and the desired physical load. It is
particularly useful for managing intra-week load progression,
upholding the principles of individualization and specificity,
and targeting specific physical parameters. Ultimately, this
quadrant acts as a bridge between tactical and physical do-
mains, helping coaches make more informed decisions and de-
sign tasks that are consistent with the overall training plan
(Chena et al., 2022).

Fig. 2. Quadrants A, B, and C of the Dynamic Quadrant Model.

Quadrant 1E - Internal Player Response to the External

Load Applied
Once the training sessions have been designed and delivered,
it becomes essential to analyze how each player responded to
the applied stimulus. Regardless of session profile, the key lies
in linking the external load performed with the internal load
perceived, in order to interpret the actual impact of training
on the athlete.

This quadrant recommends selecting session-specific metrics
to ensure meaningful analysis. For example, if the session was

focused on neuromuscular or mechanical demands, it is logi-
cal to analyze variables such as accelerations, decelerations, or
changes of direction that reflect mechanical load.

Combining these data with subjective ratings of perceived
exertion (RPE), or other physiological internal markers, allows
for a more comprehensive profile of the athlete’s individual re-
sponse (Gabbett et al., 2017; Impellizzeri et al., 2020; Jeffries
et al., 2022).

This quadrant becomes a key tool for identifying whether
a player’s response is logical and expected based on the ap-
plied load. It can also help flag excessive responses, which may
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indicate poor tolerance or increased injury risk, and identify
optimal responses, which signal good adaptation and potential
readiness to increase future training demands. Additionally,
current technology enables real-time monitoring of the load
being performed. This gives rise to a new scenario: some-
times, what was planned does not match what is actually ex-
ecuted. This leads to practical questions that performance
coaches must answer on the fly:
• Should extra work be added at the end of the session to

increase the load?

• Should the final volume be reduced to protect certain play-
ers?

• Is it better to wait and analyze the athlete’s response the
following day before intervening?

These decisions are addressed in the next quadrant, which
evaluates the relationship between planned and actual load,
enabling a more precise and dynamic adjustment of the train-
ing process.

Fig. 3. Quadrants D and E of the Dynamic Quadrant Model.

Quadrant 1F - Planned Load vs. Real Load
In day-to-day training environments, it is common for the
planned training load to differ from the real load actually com-
pleted. Factors such as the true intensity of drills, team dy-
namics, or in-session tactical decisions made by the coach may
cause substantial deviations from the original plan.

Quadrant 1F is designed to support coaching staff in making
real-time decisions when meaningful discrepancies are identi-
fied between what was planned and what was executed.

A range of responses may be considered in this scenario:

• If the real load is lower than the planned load, the staff
should evaluate whether it is necessary to include addi-
tional work at the end of the session (e.g., individualized
compensatory drills or targeted small-sided games).

• If the real load exceeds the planned load, it may be neces-
sary to reduce or modify the remaining activities to protect
certain players.

• In other cases, the most prudent strategy may be to wait
until the following day, analyze the athlete’s response (see
Quadrants 1E and 1H), and then decide whether to apply
an acute intervention or simply adjust upcoming training
loads.

This quadrant encourages a dynamic and flexible approach to
load management, enabling immediate adjustments when re-
quired by the context. It also facilitates microdosing strategies
for underrepresented stimuli in the team session (e.g., high-
speed running), and helps safeguard at-risk players based on
accumulated load or individual tolerance.

However, to make this tool meaningful, it is crucial to select
load variables that are aligned with the specific objectives of
the session. The analysis loses relevance if metrics unrelated to
the intended conditional target are evaluated. Therefore, this

quadrant must be applied with careful consideration of what
was intended to be trained versus what was actually trained.

This step concludes the execution block and transitions into
the next phase: evaluating the variability of the applied stim-
ulus in relation to each player’s previous training history. In
other words, not only examining what was done, but how much
it differs from the athlete’s individual baseline.

Quadrant 1G. Stimulus Variability
Once the session has concluded and the player’s immediate
response has been interpreted, the next step involves contex-
tualizing that load within their recent training history. This
quadrant evaluates the variability of the training load in com-
parison to previous sessions of similar profile, enabling the
identification of potential risk, adaptation, or vulnerability
scenarios.

The underlying logic is straightforward: the same load value
can lead to very different outcomes depending on what the
player has been previously exposed to. A high training load,
if part of a progressive trend, may be beneficial. However,
that same load—if it represents a sudden spike compared to
the player’s usual pattern—may result in maladaptation or
overload.

This quadrant suggests comparing the current session’s load
with the average load of similar session types. While some de-
gree of variability is expected, it is essential to determine how
different the load truly is, using statistical indicators such as
the smallest worthwhile change or z-scores. This approach
helps identify:

• Normal stimuli, where the load aligns with the player’s re-
cent history.

• Acute overloads, where the applied stimulus is unusually
high and may warrant follow-up.
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• Understimulated sessions, which could lead to maladapta-
tion or detraining.

• Vulnerability scenarios, where the athlete shows an un-
expected negative response to a low load—often observed
when exposed to unfamiliar or novel training stimuli.

This quadrant may also be used to analyze the planned train-
ing load across a microcycle in relation to previous weeks,
using the well-known ACWR (Acute:Chronic Workload Ra-
tio) (Chena et al., 2020; Gabbett, 2016, 2020; Malone et al.,
2017). However, due to the inherent variability of the pro-
fessional football calendar, this indicator must be interpreted
cautiously, with context-sensitive time windows (Carey et al.,
2017).

In summary, this quadrant allows practitioners to better
understand athletes’ responses to the load applied during a
session and to anticipate potential declines in well-being. It
does so not only based on the absolute value of the load but
also in relation to its variation compared to the athlete’s recent
context. As such, it serves as a proactive strategy to identify
and mitigate issues before they manifest.

Quadrant 1H. Individual Load Tolerance
Before initiating a new training session, it is essential to assess
how the player tolerated the previous day’s workload. This
quadrant proposes a relationship between two key dimensions:
the training load performed during the previous session and
the perceived well-being reported by the player the following

day (e.g., general fatigue, sleep quality, muscle soreness, stress
levels, etc.).

Cross-referencing this information enables practitioners to
anticipate potential maladaptive responses to recent stimuli
and, more importantly, to adjust the dose of the upcoming
session based on the athlete’s recovery status. When a player
reports high well-being after a demanding session, this may be
interpreted as a positive sign of adaptation. Conversely, poor
well-being following a similar session may suggest incomplete
recovery or an elevated risk of overload, which should be con-
sidered before administering another high-intensity session.

Beyond expected scenarios, this quadrant becomes espe-
cially valuable when atypical responses emerge. For instance,
if a player reports poor well-being following a low-load session,
it is advisable to investigate additional contributing factors
such as poor sleep, emotional stress, suboptimal nutrition, or
exposure to novel or unfamiliar stimuli. As highlighted by
Gabbett et al. (2017), elevated workloads are not the only
reason athletes may experience compromised well-being.

This analysis supports practical decision-making prior to
each session—whether to maintain, adjust, or even redesign
the planned training load depending on the player’s condition.
In the days leading up to a match, this quadrant is particu-
larly useful in determining whether an athlete is in optimal
condition to complete the final training session, or whether a
modified training dose may better facilitate match readiness.
If the player responds positively to this adjusted session, they
may be deemed available for competition. However, a negative
response may indicate insufficient readiness, requiring further
intervention before returning to full availability.

Fig. 4. Quadrants F, G and H of the Dynamic Quadrant Model.

Quadrant 1I. Validation of Training and Match Readi-

ness
Although subjective well-being assessments are useful and op-
erationally effective for guiding decisions, certain professional
environments provide the material and human resources to
take one step further—validating whether subjective percep-
tion aligns with the athlete’s physiological reality.

This quadrant proposes cross-referencing perceived well-
being with objective functional markers, such as countermove-
ment jumps (CMJ), sprint tests, isometric strength evalua-
tions, or modified reactive strength index (RSI). This trian-
gulation enables a more precise judgment of the athlete’s true
readiness, by combining what they say they feel with how their
neuromuscular system actually responds.

When both subjective and objective indicators are aligned
in positive values, the player’s availability for training or com-
petition is reinforced. On the contrary, if both indicators are

poor, the need for a recovery-oriented or risk-prevention inter-
vention becomes evident.

However, the most interesting—and often most com-
plex—scenario arises when there is discordance between the
two dimensions. For example, an athlete may report feeling
well emotionally and motivationally, yet display neuromuscu-
lar disturbances in functional tests. In such cases, caution is
warranted, as the player may not be fully aware of their phys-
iological condition. Similarly, negative subjective reports may
stem from contextual or personal factors, while stable objec-
tive markers indicate physical readiness.

This integrated analysis enhances decision-making preci-
sion, as it does not rely on a single indicator but rather the con-
vergence of multiple sources. Ultimately, this quadrant adds
a layer of safety, enabling more individualized interventions,
minimizing the risk of error, and optimizing load management.
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Quadrant 1J. Training Effect and Temporal Horizon
After planning, executing, and tailoring the training process,
the final step is to evaluate whether the applied stimulus has
yielded the intended outcome—that is, whether the interven-
tion contributed to a functional improvement or, conversely,
triggered a physiological disruption.

This quadrant analyzes training impact across two dimen-
sions: the direction of the physiological response (positive or
negative) and the timeframe in which it manifests (acute or
chronic). The combination of these axes allows practition-
ers to determine whether the stimulus has led to short-term
adaptation, sustained improvements, or, alternatively, to mal-
adaptation, either through overload or underload.

A positive acute response may indicate a successful stimu-
lus for a short-term objective, but it may not be sufficient to
drive long-lasting adaptations. On the other hand, sustained

progression over several weeks signals that the training was
functional, coherent, and adaptive.

Conversely, if the stimulus leads to a transient drop in per-
formance or temporary fatigue that later resolves, it may be
considered a predictable deregulation. However, if negative
effects persist, leading to reduced load tolerance and compro-
mised performance, this constitutes a clear warning sign of
poor adaptation.

This analysis closes the model’s cycle—not only by reflecting
on what has been done but by validating whether the training
process is aligned with the team’s goals. Ultimately, training
must be a means to stimulate adaptation without compro-
mising availability or player health. This quadrant, therefore,
completes the practical framework of the Dynamic Quadrant
Model, encouraging professionals to adopt a critical and lon-
gitudinal perspective on the effects of their interventions.

Fig. 5. Quadrants I and J of the Dynamic Quadrant Model.

How Can We Help Coaches Make Practical Decisions

from the Numbers?
The implementation of monitoring systems has become a
widely accepted practice in professional football. In many en-
vironments, their use is no longer optional but an expected
standard. However, the true value of these systems does not
lie in the accumulation of data, but rather in the ability to
translate that information into practical, contextualized, and
actionable decisions for the coaching staff.

The Dynamic Quadrant Model is not intended to replace the
coach’s intuition, experience, or situational awareness, but to
complement them with a clear framework that helps better in-
terpret what is happening and anticipate what might happen.
Numbers alone do not carry predictive power unless they are
understood within the framework of the game, the competitive
context, the player’s emotional state, and the week’s strategic
plan.

This model, therefore, is proposed as an integrative tool that
supports professional judgment—reinforcing decisions and re-
ducing uncertainty. For the model to have real-world impact,
physical coaches and sport scientists must act as knowledge
facilitators, and its implementation should be accompanied
by effective education and communication strategies targeting
coaches and technical staff. It is not just about showing num-
bers, but about sharing insight, translating data into action,
and turning monitoring into a trustworthy decision-support
tool.

Another key aspect to consider is that not all quadrants
within the model are designed to be applied with the same fre-
quency. Some of them —such as those related to the match de-
mands (Quadrant A), weekly objectives (Quadrant B), or load
distribution (Quadrant C)— are typically applied once per mi-
crocycle, as they reflect strategic planning points. However,
others —especially Quadrants F, G, H, and I— are intended
to be used daily, immediately after each training session, as
they provide key information regarding the actual load per-
formed, the variability of the stimulus, the athlete’s tolerance,
and their readiness to train or compete. Finally, Quadrant J,
which evaluates the training effect and adaptation timeline, is
more likely to be applied periodically or at key moments of the
season, when assessing the long-term efficacy of the training
process.

Understanding this distinction allows practitioners to inte-
grate the model naturally into their daily and weekly workflow,
applying it where and when it matters most, and reinforc-
ing its value as a practical, dynamic framework for real-time
decision-making in elite football.

Key points
• The dynamic nature of team performance and injury epi-

demiology highlights the need for effective tools to support
practical decision-making.

• Bridging the gap between data collection and short- and
long-term decision-making requires the integration of con-
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textual factors, physiological responses, and player avail-
ability.

• The Dynamic Quadrant Model is a visual, dynamic, and
coach-friendly framework designed to transform complex
data into actionable processes of interpretation, planning,
intervention, and monitoring.
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R, Echeazarra I. Tell me how and where you play football and
I’ll tell you how much you have to run. Biol Sport. 2022
Sep;39(3):607-614. doi: 10.5114/biolsport.2022.106155. Epub
2021 Jul 28. PMID: 35959318; PMCID: PMC9331352.

7. Chena M, Morcillo JA, Rodŕıguez-Hernández ML, Zapar-
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Resta R, Rey E. Evolution of physical and technical parame-
ters in the Spanish LaLiga 2012-2019. Sci Med Footb. 2023
Feb;7(1):41-46. doi: 10.1080/24733938.2022.2049980. Epub
2022 Mar 7. PMID: 35243954.
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amining tactical sprint actions and distribution among play-
ing positions attending to match status in soccer: Impli-
cations for specific training. PLoS ONE 19(6): e0301925.
https://doi.org/10.1371/journal.pone.0301925

29. Malone S, Owen A, Newton M, Mendes B, Collins KD,
Gabbett TJ. The acute:chonic workload ratio in relation to
injury risk in professional soccer. J Sci Med Sport. 2017
Jun;20(6):561-565. doi: 10.1016/j.jsams.2016.10.014.
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33. Piñero JÁ, Chena M, Zapardiel JC, Roso-Moliner A,
Mainer-Pardos E, Lampre M, Lozano D. Relative Individ-
ual Sprint in Most Demanding Passages of Play in Span-
ish Professional Soccer Matches. Sports (Basel). 2023 Mar
23;11(4):72. doi: 10.3390/sports11040072. PMID: 37104146;
PMCID: PMC10141546.
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