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ABSTRACT – Objective: Soccer teams need players in the best physical and psychological condition. To accu-
rately analyze performance status, new technologies such as GPS have been introduced; however, despite their 
increasing use, there is still limited scientific literature. This prospective observational study aimed to compare 
physical performance parameters among professional and semi-professional soccer players competing in differ-
ent divisions using GPS data. 

Subjects and Methods: The participants were recruited through soccer clubs in the fourth, third, and second 
divisions of the Italian Football Federation. The main metrics comprised total and sprint distances covered during 
the first and second halves across a season.  	

Results: Data from 20 official matches per player, collected across early (September-October), mid (Janu-
ary-February), and late season (April-May), were analyzed, with each player contributing data from at least 20 
full matches. Thirty soccer players were included. Players competing in higher divisions generally covered greater 
total distance and showed higher sprint activity compared with lower divisions. Overall, the correlation between 
age and total distance covered was weak and non-significant (ρ = -0.21, p = 0.263). The Kruskal-Wallis test re-
vealed no significant differences in total distance (χ² = 1.245, p = 0.742) or sprint distance (χ² = 3.5, p = 0.321) 
among playing positions. 
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INTRODUCTION

Over the last three decades, interest in soccer match analysis has progressively increased, mainly due to 
the need to objectively quantify players’ physical demands and characterize match-related performance 
profiles1. Soccer is characterized by dynamic and intermittent physical effort that involves psychological, 
tactical, technical, and physical factors throughout the game1-4. A single match requires players to re-
peatedly shift between low- and high-intensity activities, including walking, jogging, running, sprinting, 
accelerating, decelerating, and changing direction1-4. The physical demands of soccer are complex and 
vary significantly across positions, tactical systems, and levels of competition. In Italy, soccer holds a 
remarkably large cultural and economic role, with a highly structured league system that ranges from 
amateur levels to the top professional tier, Serie A (first division)5. Higher professional divisions, such as 
Serie B (second division), Serie C (third division), and lower semi-professional Serie D (fourth division), 
are crucial parts of the development pyramid and provide valuable insights into the physical demands 
of competitive sport outside the elite context. 

Regardless of the division, professional and semi-professional teams require players to maintain op-
timal physical condition to meet the demands of competitive soccer6. Therefore, adequate physical 
preparation has become a mandatory part of professional soccer training to address the sport’s physical 
challenges and counteract injuries (including muscle lesions and anterior cruciate ligament injuries)7-13. 

To accurately analyze performance, new technologies have been introduced in recent years, includ-
ing wearable devices, during both training sessions and matches. Recently, Global Positioning System 
(GPS) technology has become a fundamental tool for objectively quantifying players’ physical output. 
GPS systems can accurately capture key performance indicators such as total distance covered, high-
speed running distance, number of sprints, and player load14,15. Among these, two of the most widely 
used and informative metrics are total distance covered and sprint distance (at a speed greater than 
25.1 km/h16), both of which are closely linked to match intensity and player fitness levels. 

It has recently been shown in the scientific literature that physical performance metrics collected 
via GPS vary significantly across competitive levels17,18. Soccer players demonstrate different physical 
profiles according to competitive level, with aerobic capacity, positional behavior, and high-intensity ac-
tions representing key factors influencing match performance19,20. For example, comparisons between 
the second and third divisions have revealed significant differences in both total and sprint distances, 
reflecting the increasing physical and tactical demands as competition levels rise21. These variations 
underscore the need to tailor physical training programs not only by playing position but also by com-
petitive level. Despite the increasing use of GPS in professional soccer, there is still limited scientific 
literature focusing on semi-professional and lower-tier professional divisions, particularly in the Italian 
football system. Understanding how physical performance varies across different competitive levels can 
provide valuable insights for coaches, performance analysts, and sports scientists. Such information is 
vital for bridging the gap between semi-professional and professional standards and for designing effec-
tive training plans that mimic the physiological demands of match play at each level. 

This prospective observational study aimed to evaluate and compare physical performance param-
eters (specifically, total distance covered and sprint distance) among players competing in different 
divisions, according to the player’s role, using GPS data collected during official matches across a sea-
son. The study compares both inter-divisional and intra-seasonal performance, in addition to positional 
analysis. Although multiple matches were analyzed across different phases of the season, and GPS data 
were collected across multiple matches during the season, all analyses were performed using aggregat-
ed player-level performance measures.

Conclusions: Competitive level was associated with physical performance parameters, with athletes in higher 
divisions (Serie B and Serie C) covering greater distances and completing more intense sprints than their col-
leagues in the lower division. Furthermore, performance differences noted between the start and the end of the 
season within each division highlight the need for a personalized approach to athletic training.

KEYWORDS: Football, Soccer, Performance analysis, Performance status, GPS data, Wearable devices. 
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SUBJECTS AND METHODS

Study Design

This prospective observational study was conducted during the 2023/2024 season, specifically, from 
September 2023 to May 2024, following the guidelines outlined by the Strengthening the Reporting of 
Observational Studies in Epidemiology (STROBE) guidelines and checklist. The study protocol was ap-
proved by the Local Ethics Committee (Università degli Studi del Molise, Italy, protocol code 23/2022, on 
February 6th, 2023), and the research was conducted in compliance with the Declaration of Helsinki. All 
participants, or their parents if age < 18 years, provided informed consent before the start of the study. 

Participants

The participants were recruited through the contact lists of three soccer clubs in the fourth, third, and 
second divisions of Italian football, one club from each division, which used the same tactical module, 
4-3-3. All teams followed the same standardized physical preparation protocol (FIFA 11+), which was 
implemented consistently throughout the season. The FIFA 11+ program is recommended by the FIFA 
research center, and previous studies support its effectiveness10,22-25. It is a structured injury-preven-
tion program developed specifically for soccer players to reduce the risk of lower-limb injuries. The 
FIFA 11 + program incorporates dynamic warm-ups, neuromuscular control, proprioception, plyometric 
exercises, and core stability. The level of competition was defined by the Italian Football Federation 
(FIGC)26. All active soccer players from the participating soccer clubs were eligible to participate in the 
study. To ensure a representative sample of different divisions and to guarantee consistent and reliable 
performance, each soccer player included participated in at least 20 full matches of 90 minutes each 
during the 2023/2024 season. For each athlete, GPS-derived variables were averaged across all eligible 
matches to obtain season-level performance indicators. These aggregated values were subsequently 
used for statistical analyses. Specifically, the matches were distributed across three distinct periods: 
early season (September-October), mid-season (January-February), and late season (April-May). This 
approach allowed monitoring variations in athlete performance across different times of the season, 
while accounting for factors such as training load, climatic conditions, and athletes’ physical condition. 
Goalkeepers were excluded from the analysis. Field players were classified according to their primary 
playing position as defenders, central midfielders, wingers, or forwards, based on team line-ups and 
coaching staff indications. 

Procedures

Data collected included players’ ages, heights, weights, limb dominance, and playing positions. The 
main metrics analyzed comprised total distances covered (in km) and sprint distances (in m) during the 
first and second halves, according to the player’s role. 

The total distance covered is considered a general indicator of a player’s work rate and aerobic con-
tribution during a match. It reflects the overall physical engagement but does not discriminate between 
low- and high-intensity efforts. Elite-level players typically cover distances ranging from 9 to 12 kilome-
ters per match, depending on position and tactical context27. However, this value may vary according 
to competitive level, as differences in game intensity, pace, and tactical demands can influence the 
physical output required during matches19. Sprint distance, on the other hand, is a more specific marker 
of high-intensity effort, often associated with explosive actions that directly influence game outcomes, 
such as breakaways, defensive recoveries, and goal-scoring opportunities. While sprinting accounts for 
only about 10% of total distance, it has a disproportionately high impact on match-deciding situations28. 
In top-tier divisions, players may perform up to 30 sprints per match, with cumulative sprint distances 
ranging between 250 and 600 meters depending on role and match dynamics29. These figures tend to 
decline in lower-tier divisions, where sprint frequency and intensity are generally lower30. 

GPS data were collected using K-Sport devices (K-50 Wearable Tech, Universal STATS Montelabbate, 
Pesaro-Urbino, Italy), with a sampling frequency of 10 Hz for positional data and 50 Hz for inertial sen-
sors (accelerometer and gyroscope), integrating the revolutionary Sensor Fusion technology, which also 
includes a magnetometer and ultra-wideband (UWB). Additionally, using advanced technologies such as 
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Sensor Fusion ensures greater reliability and precision in data collection, providing a solid foundation 
for subsequent analyses.

GPS data were collected and analyzed to identify any variations in athlete performance. The K-Sport 
devices used for data collection integrated Sensor Fusion technology, which combined information from 
various sensors to provide highly detailed data on athlete performance. Additionally, distributing the 
matches across three seasonal periods enabled the examination of how athlete performance varied 
throughout the season, offering deeper insights into the factors that influence performance at different 
stages. 

Statistical Analysis

Statistical analysis was performed using Paleontological Statistics (PAST) v. 4.03 (Past4Project, Natu-
ral History Museum, University of Oslo, Norway). Data normality was assessed using the Shapiro-Wilk 
test, which revealed that all variables were non-normally distributed. As a result, only non-parametric 
methods were applied. To compare distances according to playing position and across divisions, the 
Kruskal-Wallis test was used. Comparisons of total and sprint distances between first and second halves, 
between the beginning and end of the season, and between different match phases were conducted us-
ing the Wilcoxon signed-rank test for paired data. Spearman’s rank correlation coefficient (ρ) was used 
to evaluate the relationship between quantitative variables (age, total distance, and sprint distance. 
Correlation coefficients were interpreted as small (0.10-0.29), moderate (0.30-0.49), and strong (≥ 0.50). 
All statistical comparisons were performed using player-level aggregated seasonal data, with each play-
er contributing one observation for each analyzed variable. Statistical significance was set at p < 0.05.
 

RESULTS

A total of 30 soccer players, recruited through the teams in the fourth, third, and second divisions of 
Italian football, 10 per team, were included in the present study. The athletes were all male, with a mean 
age of 24.3 ± 5.7 years (range 18-30 years). Most players had a right-dominant limb (83.3%). Regarding 
playing positions, 11 were defenders (36.6%), 9 were midfielders (30%), 6 were wingers (20%), and 4 
were forwards (13.3%). The matches were played on two types of playing surface: natural grass (66.7%) 
and artificial turf (33.3%). The demographic characteristics, including age, playing position, and limb 
dominance, of the included subjects are summarized in Table 1. In the present sample, sprint distance 
(defined as distance covered at speeds > 25.1 km/h) accounted for approximately 6-7% of the total di-
stance covered during matches.

Temporal comparisons within divisions revealed further insights. In the fourth division, no significant 
differences were found in total distance between halves at either the start or end of the season, nor 
between first halves at different times. However, a significant difference emerged in the second half, 
when comparing the start and end of the season, with a greater distance covered at the end of the sea-
son (4.3 ± 0.6 vs. 4.9 ± 0.5 at the start and at the end of the season, respectively, p = 0.03).

For sprint distance, no significant differences were observed across the same comparisons. In the 
third division, the sprint distance covered in the second half approached statistical significance when 
comparing the start and end of the season, with greater distance covered at the start of the season 
(354.8 ± 72.3 vs. 174.7 ± 27.9 at the start and at the end of the season, respectively, p = 0.06). In contrast, 
sprint performance showed several significant differences: between first halves (661.5 ± 248.8 vs. 402.1 
± 163.2 at the start and at the end of the season, respectively, p = 0.009), second halves (639.9 ± 348.4 
vs. 239.2 ± 86.2 at the start and at the end of the season, respectively, p = 0.003) and between first 
and second halves at the end of the season (402.1 ± 163.2 vs. 239.2 ± 86.2 in the first and second half, 
respectively, p = 0.01), with fewer distances covered at the end of the season, especially in the second 
half. In the second division, no significant differences were observed for either total or sprint distances 
across halves or between different phases of the season. 

Finally, inter-division comparisons revealed statistically significant differences in total distance cove-
red between the fourth and third divisions and between the fourth and second divisions in both halves, 
with higher values observed in the higher divisions (first half 4.2 ± 0.1 vs. 4.9 ± 0.1 in fourth and third 
divisions, respectively, p = 0.0001; second half 3.9 ± 0.1 vs. 4.3 ± 0.1 in fourth and third divisions, respec-
tively, p = 0.0001); between the fourth and second divisions in both halves (first half 4.2 ± 0.1 vs. 5.0 ± 
0.2 in fourth and second divisions, respectively, p = 0.0001; second half 3.9 ± 0.1 vs. 4.9 ± 0.1 in fourth 
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and second divisions, respectively, p = 0.0001); and between the third and second divisions only in the 
second half (4.3 ± 0.2 vs. 4.9 ± 0.1 in third and second divisions, respectively, p = 0.0001). For the sprint 
distance, significant differences were observed between the fourth and third divisions in the second half 
(174.7 ± 27.9 vs. 354.8 ± 72.3 in the fourth and third divisions, respectively, p = 0.0001), and between 
the fourth and second divisions in both halves, with higher sprint distances in the higher divisions (first 
half 206.9 ± 36.9 vs. 283.62 ± 71.0 in fourth and second divisions, respectively, p = 0.009; second half 
174.7 ± 27.9 vs. 278.11 ± 64.9 in fourth and second divisions, respectively, p = 0.0006). Conversely, when 
comparing the third and second divisions, third-division players covered significantly greater sprint di-
stances in both halves.

Table 1. Demographic characteristics of included subjects.

	 Age	 Sex	 Division	 Role	 Dominant	Total	 Total	 Total 	 Sprint 	 Sprint 	 Sprint
					       limb 	   distance	  distance	  distance	  distance 	   distance	   distance
					       (R/L)	   (km) 	   (km) 	   (km)	   (m)  	    (m) 	   (m)
						        1st half	   2nd half		    1st half	   2nd half
						        
  1	 30	 M	 Fourth	 Defender	 R	 4.16	 3.90	 8.07	 194.45	 184.91	 379.35
  2	 30	 M	 Fourth	 Defender	 R	 4.20	 3.97	 8.17	 228.19	 208.36	 436.55
  3	 24	 M	 Fourth	 Defender	 L	 3.99	 4.05	 8.04	 145.36	 164.63	 309.99
  4	 23	 M	 Fourth	 Defender	 R	 4.42	 3.97	 8.39	 234.42	 172.70	 407.11
  5	 20	 M	 Fourth	 Midfielder	 R	 4.33	 3.79	 8.12	 180.50	 139.71	 320.21
  6	 26	 M	 Fourth	 Midfielder	 R	 4.10	 4.11	 8.21	 186.50	 163.24	 349.74
  7	 18	 M	 Fourth	 Midfielder	 R	 4.19	 3.82	 8.01	 174.06	 132.60	 306.66
  8	 19	 M	 Fourth	 Winger	 R-L	 4.34	 4.06	 8.40	 266.20	 187.47	 453.67
  9	 30	 M	 Fourth	 Winger	 R	 4.17	 4.12	 8.29	 243.21	 223.45	 466.66
10	 30	 M	 Fourth	 Forward	 R	 4.29	 3.87	 8.16	 216.95	 170.19	 387.15
11	 30	 M	 Third	 Defender	 R	 4.92	 4.30	 9.21	 271.80	 236.37	 508.17
12	 30	 M	 Third	 Defender	 R	 4.53	 4.45	 8.98	 370.43	 248.97	 619.40
13	 24	 M	 Third	 Defender	 L	 4.76	 4.38	 9.15	 313.20	 301.39	 614.59
14	 23	 M	 Third	 Defender	 R	 5.30	 4.14	 9.44	 440.77	 401.01	 841.78
15	 20	 M	 Third	 Midfielder	 R	 5.26	 4.77	 10.03	 539.51	 433.38	 972.88
16	 26	 M	 Third	 Midfielder	 R	 4.88	 4.29	 9.17	 485.04	 347.88	 832.92
17	 18	 M	 Third	 Midfielder	 R	 5.28	 4.41	 9.70	 620.87	 412.61	 1,033.48
18	 19	 M	 Third	 Winger	 R-L	 4.70	 4.05	 8.75	 489.66	 358.89	 848.55
19	 30	 M	 Third	 Winger	 R	 5.35	 4.34	 9.69	 611.79	 439.58	 1,051.37
20	 30	 M	 Third	 Forward	 R	 4.88	 4.24	 9.12	 517.19	 368.61	 885.79
21	 30	 M	 Second	 Defender	 R	 5.02	 4.62	 9.63	 118.36	 143.64	 262.00
22	 30	 M	 Second	 Defender	 R	 5.00	 4.97	 9.97	 241.55	 219.36	 460.91
23	 24	 M	 Second	 Defender	 L	 4.87	 4.93	 9.80	 258.36	 246.55	 504.91
24	 23	 M	 Second	 Midfielder	 R	 5.13	 5.04	 10.17	 375.45	 379.82	 755.27
25	 20	 M	 Second	 Midfielder	 R	 5.27	 5.00	 10.27	 302.45	 288.18	 590.64
26	 26	 M	 Second	 Midfielder	 R	 5.27	 4.85	 10.12	 291.00	 331.18	 622.18
27	 18	 M	 Second	 Winger	 R	 4.67	 4.88	 9.55	 277.55	 298.91	 576.45
28	 19	 M	 Second	 Winger	 R-L	 5.33	 5.26	 10.59	 359.55	 301.09	 660.64
29	 30	 M	 Second	 Forward	 R	 4.88	 4.64	 9.52	 308.45	 262.91	 571.36
30	 30	 M	 Second	 Forward	 R	 4.89	 4.88	 9.77	 303.55	 309.55	 613.09
	 24.3				    24R/3L/	 4.7	 4.40	 9.15	 318.87 	 269.23	 588.11
	   (5.7)				      3R-L	   (0.43)	   (0.42)	   (0.79)	   (136.05)	   (93.88)	   (225.32)

	Data are presented as means (standard deviations). M = male; R = right, L = left.
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Differences between halves in different divisions and inter-division comparisons are summarized 
in Tables 2 and 3. Moreover, Figure 1 represents total distance and sprint mean inter-division com-
parisons.

Overall, the correlation between age and total distance covered was weak and non-significant (ρ 
= -0.21, p = 0.263). Total distance and sprint regression are depicted in Figure 2. Similarly, the cor-
relation between age and sprint distance was weak and non-significant. Furthermore, the Kruskal-
Wallis test revealed no significant differences in total distance (χ² = 1.245, p = 0.742) or sprint 
distance (χ² = 3.5, p = 0.321) among playing positions (defenders, central midfielders, forwards, 
wingers) (Tables 4 and 5).

Table 2. Total distance between halves in the fourth, third, and second divisions.

	 Fourth 	 Third 	 Second	 Fourth vs.	 Third vs. 	 Fourth vs. 
	   division	   division	   division	   third 	   second	   second
			   	   p-value	   p-value	   p-value
			 
1st half	 4.21 (0.12)	 4.98 (0.29)	 5.03 (0.21)	 0.0001*	 0.685	 0.0001*
2nd half	 3.96 (0.11)	 4.33 (0.19)	 4.90 (0.18)	 0.0001*	 0.0001*	 0.0001*
p-value	 0.626	 0.411	 0.776

Data are presented as means (standard deviations). *indicates p-value < 0.05.

Table 3. Sprint distance between halves in the fourth, third, and second divisions.

	 Fourth 	 Third 	 Second	 Fourth vs.	 Third vs. 	 Fourth vs. 
	   division	   division	   division	   third 	   second	   second
			   	   p-value	   p-value	   p-value
			 
1st half	 206.98	 466.02	 283.62	 0.3919	 0.0009*	 0.009*
	   (36.94)	   (177.85)	   (71.00)
2nd half	 174.72	 354.86	 278.11	 0.0001*	 0.02*	 0.0006*
	   (27.94)	   (72.39)	   (64.95)
p-value	 0.182	 0.863	 0.357

Data are presented as means (standard deviations). *indicates  p-value < 0.05.

Figure 1. Total distance and sprint mean inter-division comparisons. 
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DISCUSSION

This observational study aimed to examine how age, playing position, competition level, and match 
timing relate to physical performance (total and sprint distance) in soccer players from the fourth, third, 
and second Italian divisions. While some age-related trends were observed, like a decrease in distance 
with increasing age among younger groups, none of these correlations were statistically significant. No-
tably, no relationship emerged in the 25-30 age group, potentially reflecting a plateau of physical perfor-
mance typical of athletes in early adulthood. At this stage, players generally achieve a balance between 
peak physiological capacity and tactical experience. The literature31,32 suggests that while sprint capacity 
may decline slightly with age, decision-making and game-reading skills often compensate for this decli-
ne until the early 30s. Similarly, no significant differences were found among playing positions regarding 
either total or sprint distance, suggesting a relatively even distribution of physical demands across roles 
in this sample. This may be due to uniform tactical systems or physical preparation routines, though the 
small sample may limit the detection of finer positional differences.

Figure 2. Total distance and sprint regression.

Table 5. Spearman’s correlation between age and sprint distance.

Age	 Spearman’s ρ	 p-value	 Grade of correlation

<20	 -0.57	 0.4	 Negative, moderate/strong
20-25	 -0.33	 0.37	 Negative, moderate/weak
26-30	 -0.02	 0.92	 Negative, very weak
Total	 -0.26	 0.2	 Negative, weak

Table 4. Spearman’s correlation between age and total distance.

Age	 Spearman’s ρ	 p-value	 Grade of correlation

<20	 -0.57	 0.4	 Negative, moderate/strong
20-25	 -0.47	 0.2	 Negative, moderate
26-30	 0.04	 0.84	 Positive, very weak
Total	 -0.21	 0.2	 Negative, weak
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Previous studies33-36 have reported clear distinctions: midfielders typically cover more distance, 
while wingers and full-backs engage in more high-speed efforts. For example, Di Salvo et al1 in 2010 
analyzed sprint analysis in 147 professional players across UEFA Champions League matches using Pro-
zone tracking, finding that forwards covered 345 ± 129 m in sprint distance, midfielders 313 ± 119 m, 
and central midfielders only 167 ± 87 m; the average number of sprints was 11.2 ± 5.3 per match. The-
se findings indicate that physical performance profiles differ across competitive levels, although high-
intensity output does not increase linearly with division level. In our sample, this variation may have 
been mitigated by tactical uniformity across teams or limitations in conditioning individualization due 
to resource constraints. Additionally, the small sample size might have reduced the statistical power to 
detect position-specific differences.

Within-division temporal comparisons offered more understated insights. In the fourth division, a 
significant increase in total distance during the second half at the end of the season may reflect im-
proved conditioning or better in-game energy distribution as the season progresses. However, sprint 
performance in the fourth division remained unchanged over time, suggesting a limited capacity for 
improvement in high-intensity efforts.

In the third division, changes in both total and sprint distances between the beginning and end of the 
season suggest a more dynamic physical adaptation, particularly in sprinting, where performance vari-
ed significantly both across time and between halves. This highlights the importance of managing and 
monitoring high-intensity output throughout the season. In contrast, second division players showed 
no significant changes over time, possibly due to more stable physical conditioning, optimized recovery 
protocols, and advanced workload management strategies typical of higher-level teams. 

The inter-division comparisons revealed that performance metrics (both total and sprint distance) were 
significantly different across tiers, especially between the fourth division and the higher divisions. The 
differences in sprint distances were particularly pronounced between the third and second division, and 
between the fourth and second division, in both halves, highlighting the superior high-intensity output 
of players in the upper-tier divisions. This finding suggests that high-intensity activity may be influenced 
not only by competitive level but also by tactical approaches, match dynamics, and team-specific playing 
styles. This observation confirmed previous research37,38 showing that the intensity of play, frequency of 
transitions, and tactical demands generally increase with the level of competition. An observational stu-
dy of Di Salvo et al39 analyzed data from 26.446 observations (from 2006 to 2010) in Premier League vs. 
Championship, finding that Championship players covered slightly more total distance (~11.1 km) and hi-
gh-speed/sprint distance than Premier League players (~10.8 km). Similar to our finding of significant inter-
division gaps, their conclusions suggested that performance profiles may shift in complex ways at higher 
levels. In 2019, Sæterbakken et al40 compared professional and semi-professional tiers across Norwegian 
League levels. While total distance was similar across levels (~10-13 km), sprint distance was markedly 
higher in top-tier players (by ~28-58%) compared to lower tiers. These results confirmed our findings that 
total distance may not differ significantly between divisions, but high-intensity metrics do, especially sprint 
efforts. While total distance generally increased with competitive level, sprint performance did not follow 
a strictly linear pattern, as third-division players covered longer sprint distances than second-division play-
ers. A systematic review41 of sprint thresholds analyzed high-intensity data across professional male play-
ers. High-speed distances ranged from 618 to 1,001 m, and sprint distances from 153 to 295 m per match, 
reinforcing that higher-tier players consistently exhibit greater high-speed and sprint volumes.

Matches in higher leagues are often characterized by quicker ball circulation, higher pressing inten-
sity, and superior physical conditioning, which collectively require players to sustain elevated activity 
profiles throughout the game. These differences may also reflect structural disparities in Club resources 
and support. Teams in higher tiers often benefit from advanced sports science services and individuali-
zed load management protocols42,43. 

Altogether, these findings emphasize the influence of competitive level and seasonal progression on 
physical performance, particularly sprint capacity. While age and role seem to play a minor role, division 
level and temporal dynamics affect physical demands, warranting tailored conditioning programs and 
monitoring strategies for players across divisions. Recently, García-Calvo et al44 studied the evolution of 
running performance trends in the Spanish First Division vs. the Second Division from 2019 to 2023. First 
Division players consistently cover more sprint distance than those in the Second Division (+20-50%), 
confirming that performance escalates with competitive level.

From a practical perspective, these findings highlight the physical gap between league levels and 
underscore the need to tailor training programs to competitive demands. Coaches working in lower-tier 
leagues may use these benchmarks to progressively prepare athletes for higher levels by emphasizing 
repeated sprint ability and endurance under game-specific conditions. Moreover, Rossi et al45 in 2017 
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developed very accurate predictive models for injury forecasting based on GPS data and machine lear-
ning, demonstrating the importance of specific training and high-intensity load management to prevent 
physiological declines. Although not focused on age, these models confirm how intelligent management 
of intense activity (e.g., sprint load) can preserve performance even in mature age, thereby contributing 
to injury prevention through optimized training and recovery planning. GPS-based performance profiles 
can also aid in player development and talent identification, particularly in contexts where objective 
performance metrics are used to evaluate readiness for progression to higher competitive levels.

The present study reported several limitations, including the relatively small sample size that might 
limit the generalizability of the results to the wider soccer population; additionally, no a priori sample 
size or power calculation was performed. The present study should therefore be considered explorato-
ry, with limited statistical power, particularly for subgroup analyses by playing position and age. Moreo-
ver, given the exploratory nature of the analyses, multiple comparisons were performed without formal 
correction, and this aspect should be considered when interpreting the findings. Only one team per di-
vision was included. Consequently, competitive level and team-specific characteristics are partially con-
founded, and the observed inter-division differences may reflect not only the level of competition but 
also specific tactical, organizational, or training-related features of the individual teams. Therefore, the 
present findings should be interpreted with caution and cannot be generalized to all teams within the 
same competitive level. Although the prospective design allowed monitoring performance variations 
across different phases of the season, the observational nature of the study precludes causal inference. 
Also, although GPS technology is widely used and generally considered reliable for tracking physical 
performance, it remains susceptible to inaccuracies caused by signal loss or environmental conditions. 
Indeed, GPS-based tracking systems are validated for monitoring external load in team sports, but they 
are subject to limitations in signal accuracy and consistency, particularly in stadium environments where 
satellite reception may be partially obstructed. These factors can introduce minor errors in quantifying 
total distance covered and sprint distance. Additionally, as data were collected exclusively during the of-
ficial matches, contextual variables (such as match status, tactical strategies, and opponent quality) may 
have influenced player performance, thereby introducing situational bias. To mitigate measurement 
bias, all players were monitored using identical GPS units (sampling frequency: 10 Hz) under standar-
dized pre-match calibration protocols. Lastly, we were unable to control for confounding factors, such 
as shoe type, weather, and field conditions, and the type of artificial turf field, all of which could have 
influenced the total distance and sprint distance recorded during official matches; also, the lack of com-
plete anthropometric data (height, body mass, and playing experience) may have influenced the results.

Therefore, future studies should adopt longer-term longitudinal and multicenter designs to monitor 
physical performance over extended periods, ideally across an entire competitive season. Moreover, 
advancements in wearable technology and real-time tracking systems offer new opportunities to collect 
richer, multidimensional data. Modern GPS units are increasingly being integrated with inertial measu-
rement units (IMUs), heart rate monitors, and even biochemical sensors, allowing simultaneous tracking 
of external and internal loads46. These tools could help researchers and practitioners better understand 
the physiological and biomechanical demands of soccer across different competitive levels. 

In this scenario, although the present dataset is limited, future studies with larger samples may be-
nefit from integrating GPS-derived metrics with machine learning approaches to support performance 
monitoring and injury risk assessment47-50. Predictive models could be developed to estimate injury risk, 
identify performance plateaus, or personalize training loads based on historical data and contextual 
match variables51,52. Furthermore, integrating video analysis with positional tracking (e.g., through opti-
cal systems or GPS and computer vision) may provide deeper insight into tactical behavior and its rela-
tionship with physical output53-55, such as heart rate and lactate, to better characterize match demands 
across competitive levels. This could allow future research to go beyond isolated physical metrics and 
explore how physical performance is influenced by game dynamics, team structure, and decision-ma-
king. Finally, the increasing accessibility of cloud-based platforms and mobile apps for athlete monito-
ring allows for large-scale, collaborative databases across clubs and leagues. Such data-sharing initiati-
ves could greatly improve the ecological validity and generalizability of soccer performance research. 

 

CONCLUSIONS

Taken together, the findings of the present study provide an analysis of the differences in sports perfor-
mance between soccer players in the second, third, and fourth divisions of the Italian Football Federa-
tion, using GPS data to measure distances covered and sprints performed during official matches. 
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Moreover, our findings showed that competitive level was associated with physical performance, 
with athletes competing in higher divisions generally covering greater total distances, whereas sprint 
performance varied across divisions and did not increase linearly with competitive level. 

Furthermore, performance differences noted between the start and the end of the season within 
each division highlight the need for a personalized approach to athletic training, optimizing athletes’ 
physical performance according to their competitive level.

Lastly, this study seeks to identify performance trends by player role using GPS data collected during 
official matches across a season, to inform the development of evidence-based training programs that 
reflect the real-match demands of each competitive level.
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