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Summary: Accurate classification of gonadal maturity stages is essential to ensure reliable estimates of reproductive indica-
tors. In Peruvian anchovy (Engraulis ringens), two gonadal maturity scales have been used: the empirical scale proposed by 
Einarsson et al. (1966) and the histologically validated scale developed by Buitrón et al. (2015). The adoption of this scale 
underscores the need to harmonize or retrospectively adjust historical maturity records, which is essential for analysing long-
term changes in anchovy reproductive dynamics. In this study, we evaluate the efficacy of the gonadosomatic index (GSI) in 
predicting stages and groups of gonadal maturity. Data from 115 research surveys conducted between 1984 and 2022 were 
analysed. Classification models using different algorithms were applied, with the random forest algorithm demonstrating the 
highest accuracy and robustness, achieving a mean accuracy of >90% and a logarithmic loss of 0.13. GSI and total length 
were identified as the most influential predictors of gonadal maturity. The classification of historical data (1984–2014) using 
the M-5 model (which includes GSI, total length, latitude, distance from the coast and condition factor) demonstrated high 
concordance with the reproductive patterns observed in recent periods (2015-2022), supporting its predictive reliability. The 
results indicate that the combined use of GSI and machine learning-based classification models is a valuable tool for identify-
ing gonadal maturity stages from historical data and harmonizing them with the current maturity scale, facilitating the inter-
pretation of variations in the reproductive behaviour of the resource over time.

Keywords: gonadal maturity; gonadosomatic index; Peruvian anchovy; classification models; random forest; machine 
learning.

Modelos de clasificación basados en el índice gonadosomático para determinar las fases de madurez gonadal: un caso 
de estudio en la anchoveta peruana Engraulis ringens

Resumen: La clasificación precisa de los estadios de madurez gonadal es esencial para calcular con fiabilidad los indicadores 
reproductivos. En la anchoveta peruana (Engraulis ringens), se han utilizado dos escalas de madurez gonadal: la escala empí-
rica propuesta por Einarsson et al. (1966) y la escala validada histológicamente desarrollada por Buitrón et al. (2015). La adop-
ción de esta escala pone de relieve la necesidad de armonizar o ajustar retroactivamente los datos históricos, lo cual es esencial 
para analizar los cambios en el comportamiento reproductivo de la anchoveta a lo largo del tiempo. En este estudio evaluamos 
la eficacia del índice gonadosomático (IGS) para predecir estadios y grupos de madurez gonadal. Se analizaron datos de 115 
estudios de investigación realizados entre 1984 y 2022. Se aplicaron modelos de clasificación que utilizan diferentes algorit-
mos, destacando el algoritmo de bosque aleatorio como el más preciso y robusto, con una precisión media >90 % y una pérdida 
logarítmica de 0.13. El IGS y la longitud total se identificaron como los predictores más influyentes en la clasificación de la 
madurez gonadal. La clasificación de datos históricos (1984–2014) mediante el modelo M-5 (que incluye IGS, longitud total, 
latitud, distancia a la costa y factor de condición) demostró una alta concordancia con los patrones reproductivos observados 
en períodos recientes (2015–2022), respaldando su confiabilidad predictiva. Los resultados indican que el uso combinado 
de IGS y los modelos de clasificación basados en aprendizaje automático es una herramienta útil para identificar etapas de 
madurez gonadal a partir de datos históricos y armonizarlas con la escala de madurez actual, facilitando la interpretación de 
las variaciones en el comportamiento reproductivo del recurso a lo largo del tiempo.

Palabras clave: madurez gonadal; índice gonadosomático; anchoveta peruana; modelos de clasificación; random forest; 
aprendizaje automático.

Scientia Marina 89 (4)
December 2025, e117, Barcelona (Spain)

ISSN-L: 0214-8358
https://doi.org/10.3989/scimar.05636.117

Reproductive ecology studies for sustainable fisheries 
management in Iberoamerica.
M. Bezerra Figueiredo, R. Domínguez-Petit,
G. Macchi, R. Lessa, M.A. Perera, G. Plaza and
S. Garrido (Eds)

mailto:oquispe@imarpe.gob.pe
https://orcid.org/0000-0001-9229-6379
mailto:jsanchez@imarpe.gob.pe
https://orcid.org/0000-0003-3207-9406
mailto:aperea@imarpe.gob.pe
https://orcid.org/0000-0001-6615-8802
https://doi.org/10.3989/scimar.05636.117


2  •  E. Quispe-Salazar et al.

SCI. MAR. 89 (4), December 2025, e117, ISSN-L: 0214-8358, https://doi.org/10.3989/scimar.05636.117

Citation/Como citar este artículo: Quispe-Salazar E., Sánchez J., Perea A.  2025. Classification models based on the 
gonadosomatic index to determine gonadal maturity stages: a case study in the Peruvian anchovy Engraulis ringens. In: M. 
Bezerra Figueiredo et al. (Eds), Reproductive ecology studies for sustainable fisheries management in Iberoamerica. Sci. Mar. 
89(4): e117. https://doi.org/10.3989/scimar.05636.117

Editor: R. Domínguez-Petit, M. Perera Garcia, M. Bezerra Figueiredo.

Received: April 11, 2025. Accepted: December 01, 2025. Published: January 12, 2025.

Copyright: © 2025 CSIC. This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 
International (CC BY 4.0) License.

INTRODUCTION

In commercially harvested fish populations, gonadal maturation is a key aspect because it defines the fraction 
of the population contributing to reproduction and, consequently, determines recruitment potential and population 
resilience to fishing pressure and environmental variability (Lowerre-Barbieri et al. 2011, Kjesbu 2016). Thus, the 
correct classification of gonadal maturity stages (GMS) is essential for the calculation of the species’ reproductive 
indicators, which in turn allows inferences to be made on spawning stock biomass (SSB), size, age at maturity and 
the species’ spawning period (Kell et al. 2016, Domínguez-Petit et al. 2017, Wright and Rowe 2019).

The Peruvian anchovy (Engraulis ringens Jenyns, 1842) is a small pelagic species that plays a key role in the 
food web of the Humboldt Current ecosystem (Taylor et al. 2008, Tam et al. 2010). It also sustains one of the largest 
single-species fisheries in the world (FAO 2024). Gonadal maturity in this species has been evaluated since the be-
ginning of the fishery through macroscopic observations and over the last three decades through histological analy-
ses of the gonads. The classification of maturity stages in this species has been based on scales that have evolved 
over time, using the empirical scale of Einarsson et al. (1966) until 2015, designed for a practical and operational 
classification of gonadal maturity in landings and research surveys (Tsukayama and Alvarez 1980, Santander and 
Flores 1983, Santander et al. 1984). However, like other macroscopic methodologies, this approach shows a high 
degree of subjectivity, especially if not validated (Bromley and Casey 2001, Hunter and Macewicz 2003, McPher-
son et al. 2011), which can lead to systematic errors in the classification of gonadal maturity. Such inaccuracies are 
particularly critical in the Peruvian anchovy fishery, as they can lead to the overestimation or underestimation of 
SSB and, consequently, affect population assessments and management strategies, such as reproductive closures 
(Fréon et al. 2008, Perea et al. 2011).

In this framework, efforts have been made to standardize cataloguing criteria through international workshops 
focused on the quality of reproductive data used in fish assessments and egg production studies (Kjesbu et al. 2003, 
Wyanski and Brown-Peterson 2010, Saborido-Rey 2014, ICES 2018). Among the main conclusions of these work-
shops, incorporating histological analysis was recommended to reduce uncertainty in the classification of GMS 
(Kjesbu et al. 2003). Following these recommendations, a new macroscopic gonadal maturity scale was imple-
mented for the Peruvian anchovy, based on criteria such as colour, turgidity and vascularization of the gonads. This 
scale was validated through histological analysis, which characterizes the development of oocytes and spermato-
cytes, thereby improving precision and standardization into six stages for both sexes (Buitrón et al. 2015). A detailed 
summary of the characteristics that define each GMS in the Einarsson et al. (1966) and Buitrón et al. (2015) scales 
is presented in Table 1.

After the implementation of the new maturity scale in 2015 and recognition of the importance of studies based 
on historical time series for the estimation of maturity and fecundity (Kjesbu et al. 2003, Lowerre-Barbieri et al. 
2011), a new challenge emerged: the need to adapt historical data to the current scale to ensure the interpretation of 
changes in seasonality, reproductive trends of the anchovy, and its response to environmental variability and bio-
logical changes (Mori et al. 2011, Cuba et al. 2020, Cuba et al. 2023).

The gonadosomatic index (GSI), also known as the maturity coefficient, represents the ratio of gonad weight to 
total or eviscerated body weight and has been widely used to describe reproductive behaviour in various species 
(DeVlaming et al. 1982, West 1990). It is known that the GSI increases during gonadal development (Potoschi et 
al. 1999). In partial spawners, such as anchovy, it has proved to be a helpful indicator for evaluating variations in 
reproductive activity throughout the annual cycle (Lowerre-Barbieri et al. 2011). Furthermore, the GSI has been 
used as an indirect indicator of gonadal maturity in situations where histological analysis is not feasible due to time 
or resource limitations (Skjæraasen et al. 2012, Flores et al. 2019), and as a proxy to improve the accuracy of mac-
roscopic cataloguing and the interpretation of reproductive indicators (Vitale et al. 2006, McPherson et al. 2011, 
Flores et al. 2015).
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Table 1. Gonadal maturity scales for female Peruvian anchovy (Engraulis ringens), describing gonadal maturity stages (GMS) based on 
macroscopic descriptions (Einarsson et al. 1966) and combined microscopic/macroscopic criteria (Buitrón et al. 2015). Stages in bold indicate 
gonadal maturity groups (GMG). AO, atretic oocytes; HO, hydrated oocytes; IO, immature oocytes; MO, mature oocytes; POF, postovulatory 

follicles; PVO, previtellogenic oocytes; VO, vitellogenic oocytes.

Einarsson et al. (1966) Buitrón et al. (2015)

Stages Macroscopic 
description Stages Microscopic/macroscopic

description

I – Virginal im-
maturity 

Thin, pale yellow 
tubular ovaries 
without visible 
oocytes.

O – Virginal

GMG:
Virgin

Germ cells, IO, PVO. Thin, 
transparent, white or pale 
yellow; no vascularization or 
visible oocytes.

II - Early matur-
ing or recovering

Elongated, tubular, 
yellow-orange ovaries 
with increased 
vascularization

I – Resting

GMG: Immature

IO, PVO, VO, MO (may or 
may not be present), rem-
nants of POF, high presence 
of AO. Flaccid, wine-red col-
our, with yellow spots from 
atretic oocytes.

III - Maturing
Enlarged, cylindrical, 
bright orange ovaries 
with visible oocytes.

II-Maturing

GMG: Immature

IO, PVO, VO. Medium 
turgidity, orange-red, slight 
vascularization; oocytes vis-
ible to the naked eye.

IV -  Advanced 
maturing or 
hydrated

Large, globular, 
bright orange ovaries 
with translucent, 
easily detached 
oocytes.

III – Mature

GMG:
Mature-active

VO, MO (mature oocytes 
with completed vitellogen-
esis). Turgid, pale orange or 
reddish, strong vasculariza-
tion, visible oocytes.

V - Spawning 
Reduced ovaries, 
reddish, with residual 
mature oocytes.

IV - Spawning

GMG:
Mature-active

VO, MO, HO, and/or 
postovulatory follicles 
(POF). Large, vascularized, 
hydrated (crystalline) or 
blood-tinged flaccid ovaries.

VI - Spawned Flaccid, reduced, 
orange-violet ovaries

V- Recovery

GMG:
Mature-inactive

HO remnants, POF, AO. 
Flaccid, vascularized, signs 
of resorption and atresia.

This study uses GSI to harmonize the gonadal maturity scale historically employed (Einarsson et al. 1966) with 
the scale currently used (Buitrón et al. 2015), thereby enabling the retrospective analysis and integration of informa-
tion on the reproductive condition of the Peruvian anchovy. The objective of this study is to evaluate the accuracy 
of classifying GMS. To this end, we developed classification models based on GSI and other explanatory variables, 
intending to classify historical GMS observations.

MATERIALS AND METHODS

Study area and sampling

In Peru, anchovy is divided into two population subunits: the northern-central stock and the southern stock. 
This study focuses on the northern-central stock, which spans the latitudinal range between 4.0°S and 16.0°S and 
extends longitudinally up to 150 nautical miles offshore. The data come from biological sampling conducted during 
pelagic resource research surveys carried out by the Instituto del Mar del Perú (IMARPE), which are performed at 
a minimum frequency of twice a year.

https://doi.org/10.3989/scimar.05636.117
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The samples were collected between 1984 and 2022, encompassing a total of 115 surveys, 4649 hauls, 203024 
specimens collected, and 191564 gonads catalogued (Fig. 1A). For this study, the sampling effort is divided into 
two periods that correspond to the macroscopic maturity scales used to catalogue gonads. The first period comprises 
89 surveys conducted between 1984 and 2014 (3709 hauls and 129271 specimens; 64% of the sampling effort; Fig. 
1B), in which gonadal maturity was catalogued using the empirical macroscopic scale of Einarsson et al. (1966). 
The second period includes 26 surveys conducted between 2015 and 2022 (940 hauls and 62293 specimens; 31% 
of the sampling effort; Fig. 1C), during which gonadal maturity was catalogued using the histologically validated 
scale of Buitrón et al. (2015). The remaining 5% of the sampling effort corresponds to specimens for which gonadal 
maturity could not be catalogued or data were unavailable. In this study, data from the second period (2015–2022), 
catalogued according to the histologically validated scale of Buitrón et al. (2015), were used to train and validate the 
classification models. Data from the first period (1984–2014), originally catalogued with the empirical macroscopic 
scale of Einarsson et al. (1966), were then used to classify historical records using the selected model and to assess 
concordance between observed and model-predicted maturity categories.

Fig. 1. – Spatial distribution of Peruvian anchovy biological sampling hauls conducted along the Peruvian coast: (A) overall sampling coverage 
for 1984–2022; (B) hauls in which gonadal maturity was catalogued according to the macroscopic scale of Einarsson et al. (1966); and (C) 

hauls in which gonadal maturity was catalogued according to the histologically validated scale of Buitrón et al. (2015).

Biological and explanatory variables

The classification of GMS was based on two reference scales. The empirical scale of Einarsson et al. (1966), 
used until 2015, depended on macroscopic features such as gonad colour, transparency, vascularization and overall 
size. Although practical for field use, this scale lacked histological validation and thus introduced subjectivity. In 
2015, Buitrón et al. (2015) validated a new scale through histological analysis of oocytes and spermatocytes, offer-
ing standardized and more accurate criteria for six maturity stages in both sexes. A summary of both scales is shown 
in Table 1. In this study, the probability of an individual being classified into one of the six GMS categories, as 
defined by the Buitrón et al. (2015) scale, served as the response variable. This scale was applied as the benchmark 
for model development and was used to retroactively reclassify historical observations that had originally been 
recorded with the Einarsson et al. (1966) scale, ensuring temporal comparability across datasets. Covariates related 
to the biology and condition of the individuals, as well as spatial, temporal and environmental variables, were also 
considered. In total, 12 explanatory variables of Peruvian anchovy were analysed to classify GMS from 2015 to 
2022 (Table 2).

Biological and biometric variables were recorded for each fishing haul during research surveys conducted fol-
lowing standardized protocols (Castillo et al. 2009, Buitrón et al. 2011). Each sample was classified regarding the 
spawning period (PRD), identifying the main period between August and October (PRD-1) (Jordán 1980, Peña et 
al. 1989) and a secondary peak from February to March (PRD-2) (Saetersdal and Valdivia 1964). The GSI was cal-
culated as the percentage ratio of gonad weight (GW) to eviscerated body weight (EW), calculated as GSI=(GW/
EW)*100. The condition factor (CF), an indicator of physiological condition in fish (Heincke 1908), was derived 
from total weight (TW), gonad weight, and total length (TL) as CF=((TW-GW)/TL3)*100.

Regional environmental variability associated with El Niño–Southern Oscillation (ENSO) events was assessed 
based on the Coastal El Niño Index (ICEN) developed by Takahashi et al. (2014). For each biological observa-
tion, the following data were recorded: (1) the sampling month, (2) the corresponding ICEN value, and (3) the 
ENSO phase category, classified as cold phase (La Niña, ICEN ≤–0.7°C), neutral phase (ICEN between –0.7°C and 
+0.5°C), and warm phase (El Niño, ICEN ≥+0.7°C).

https://doi.org/10.3989/scimar.05636.117
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Table 2. – Description of the explanatory variables analysed in the study, including their type and value range for the period 2015-2022.

Category Variable Name Type Range

Reproductive

GSI Gonadosomatic index (%) Numerical (continuous) 0.10–11.80

GW Gonad weight (g) Numerical (continuous) 0.01–4.30

GL Gonad length (cm) Numerical (continuous) 0.01–4.00

SX Sex Categorical (nominal) male, female

Condition CF Condition factor (g/cm3) Numerical (continuous) 0.46–0.81

Biometry

TL Total length (cm) Numeric (discrete) 7.50–19.00

TW Total weight (g) Numerical (continuous) 1.30–79.80

EW Eviscerated weight (g) Numerical (continuous) 1.00–74.10

Spatial LAT Latitude (°S) Numerical (continuous) 4.00–16.00

DC Distance to coast (nm) Numerical (continuous) 0.42–110.96

Temporal
MNH Sampling month Categorical (nominal) February to November

PRD Spawning period Categorical (nominal) PRD-0, PRD-1, PRD-2

Environmental ICEN ENSO phase Categorical (ordinal) El Niño, Neutral, La 
Niña

Exploratory data analysis

Data processing and validation included the detection and exclusion of outliers using the Z-score technique 
(Quinn and Keough 2002, Jamshidi et al. 2022). This procedure was applied to the variables GW, EW, TW, GSI, and 
CF, by TL class and GMS, using a threshold of ±2.7 standard deviations. Subsequently, an exploratory data analysis 
was conducted to characterize the distribution and patterns of the main explanatory variables in relation to the GMS. 
The exploratory analysis was conducted using box plots and proportional bar plots to visualize trends, differences 
and associations across maturity stages. As part of this analysis, a correlation matrix was constructed using Spear-
man’s rank correlation coefficient to evaluate the strength and direction of monotonic relationships among the vari-
ables. This analysis allowed for the identification of redundancies and potential multicollinearity issues (|ρ|≥0.75), 
which could compromise the performance and interpretability of the classification models (Supplementary Fig. S1). 
Based on this evaluation, a subset of variables with low intercorrelation was selected, ensuring greater independence 
among predictors and reducing the risk of overfitting in the models.

Classification models

All GMS were represented in the dataset, but with an asymmetry in their frequencies. To avoid bias in the 
training of classification models, stratified oversampling was applied using the Synthetic Minority Over-sampling 
Technique (SMOTE, Chawla et al. 2002), generating synthetic observations for minority stages until 10000 cases 
were reached (the average frequency per maturity stage). Methodologically, SMOTE interpolates between nearest 
neighbours, which ensures that the synthetic data remain within the multivariate space of the empirical observations 
(Lemaître et al. 2017). This procedure prevented information loss, improved stability in model training, and avoided 
the introduction of artificial patterns, particularly in relation to environmental covariates.

Eight models were adjusted using a forward selection process to identify the most relevant combinations of co-
variates for the classification of GMS:

P(GMS =k | x) = f(x) 

 where GMS is the gonadal maturity stage; k denotes one of GMS categories; x is the vector of predictor variables 
(GSI, TL, ...); and f(x) is a function that estimates the probability of an individual belonging to category k given the 
covariate vector x.

https://doi.org/10.3989/scimar.05636.117
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Six classification algorithms were used to evaluate the models (Breiman et al. 1984, Breiman 2001, Venables 
and Ripley 2002): linear discriminant analysis, quadratic discriminant analysis, multinomial logistic regression, 
recursive partitioning decision trees, random forests (RFO), and neural networks with skip connections, through 
the R-project packages MASS, nnet, rpart and randomForest (Liaw and Wiener 2002, Venables and Ripley 2002, 
Therneau et al. 2013).

Considering that reproductive activity is defined as the number of females with mature, hydrated oocytes and/or 
post-ovulatory follicles relative to the total number of females (Buitrón et al. 2011), grouping GMS into broader cat-
egories was deemed appropriate. Based on this reproductive criterion, GMS were grouped into four gonadal matu-
rity groups (GMGs): virginal (Stage O), immature (Stages I–II), mature-active (stages III–IV), and mature-inactive 
(stage V) (Table 1) (Flores et al. 2019, Flores et al. 2024). This grouping serves as a functional differentiation of the 
GMS, allowing sensitivity analysis to evaluate the performance and robustness of the classification models.

Performance metrics

To evaluate predictive performance, the dataset was split into training (80%) and test (20%) sets using stratified ran-
dom sampling. Stratification ensured that all GMS were proportionally represented in both subsets, thereby avoiding 
bias and maintaining balanced stage distribution. The performance of each model was evaluated using the confusion 
matrix from the test dataset. Four performance metrics were considered. First, accuracy (ACC) represents the propor-
tion of correct predictions over the total number of observations. Second, Cohen’s kappa coefficient (κ) measures the 
degree of agreement between predictions and observations after adjusting for chance (Cohen 1960). Third, the F1 score 
was calculated as the harmonic mean between precision (the proportion of true positives among predicted cases) and 
recall (the proportion of true positives among actual cases) (Sokolova and Lapalme 2009). Finally, log loss, also known 
as logarithmic loss, quantifies the discrepancy between predicted probabilities and observed categories, penalizing 
incorrect predictions made with high confidence (Bishop 2006). These metrics are described as follows:

𝐴𝐴𝐴𝐴𝐴𝐴 =  𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹 +  𝐹𝐹𝐹𝐹 

𝜅𝜅 = 2 × (𝑇𝑇𝑇𝑇 × 𝑇𝑇𝑇𝑇 −  𝐹𝐹𝐹𝐹 × 𝐹𝐹𝐹𝐹)
(𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹)  × (𝐹𝐹𝐹𝐹 +  𝑇𝑇𝑇𝑇)  + (𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹)  × (𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇) 

𝐹𝐹1 =  2 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ×  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 +  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 ; 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹

𝑇𝑇𝑇𝑇  ;  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

= 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
𝑇𝑇𝑇𝑇  

𝐿𝐿𝐿𝐿𝐿𝐿 = −1
𝑁𝑁 ∑ ∑ 𝑦𝑦𝑖𝑖𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙(𝑝𝑝𝑖𝑖𝑖𝑖)

𝑀𝑀

𝑗𝑗 = 1

𝑁𝑁

𝑖𝑖 = 1
 

 where TP is the number of true positives, TN is the number of true negatives, FP is the number of false positives, FN 
is the number of false negatives, N is the number of observations, M is the number of classes, yij​ is 1 if observation i 
belongs to class j, and 0 otherwise, and pij​ is the predicted probability that observation i belongs to class j.

For the RFO, we evaluated the importance of the covariates using multi-way importance (Paluszynska et al. 
2022). This approach incorporates three related metrics. First, we consider the number of trees in which the predic-
tor served as the root—indicating the first and most informative split. Next, we assess the average depth in the trees 
where the predictor first splits, as shallower splits are deemed more informative. Finally, we evaluate the number of 
times the predictor is split across the forest; splits that occur more frequently suggest a greater contribution. These 
metrics together provided a comprehensive view of variable importance.

Concordance between observed data and model predictions

Historical samples (1984–2014) were reclassified into GMS and GMG using the selected classification model, and 
concordance was evaluated against observed data from the 2015–2022 period (gonadal maturity catalogued accord-
ing to the Buitrón et al. 2015 scale) within the reproductive season to ensure biological comparability. Concordance 
of patterns according to GSI and TL was quantified using Kendall’s τ, with statistical significance assessed through 
two-sided p-values obtained by bootstrap resampling (B=2000). Absolute concordance with the 1:1 line was estimated 
with Lin’s concordance correlation coefficient (CCC) and its 95% confidence intervals, while systematic changes and 
limits of agreement were assessed with Bland–Altman analysis on paired class medians to estimate the mean change 
(observed–predicted). Finally, the distributions of GSI and TL were compared between periods for each maturity class 
using the two-sample Kolmogorov-Smirnov test, applying the Holm–Bonferroni adjustment to correct for type I error.
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RESULTS

Gonadal maturity distribution and covariate selection

During the period 2015–2022, 62293 gonads were classified, distributed among the gonadal maturation stages 
O (18.33%), I (6.34%), II (10.80%), III (46.93%), IV (16.72%) and V (0.88%). Based on the exploratory analysis 
and the correlation matrix of the continuous variables (Supplementary Fig. S1), eight covariates were selected for 
constructing the classification models. These included five continuous variables—GSI, TL, CF, latitude (LAT) and 
distance to the coast (DC)—and three categorical variables: sex, spawning period and ENSO category. All covari-
ates were incorporated into the models as explanatory variables (Fig. 2).

Fig. 2. – Relationship between biological, spatial and environmental variables and gonadal maturity stages in Peruvian anchovy. (A) 
Gonadosomatic index, (B) condition factor, (C) total length, (D) latitude, (E) distance to coast, (F) sex, (G) spawning period, and (H) ENSO 
phase (La Niña, Neutral, El Niño). Black points represent the mean. The values above each box indicate the number of individuals per gonadal 
maturity stage. Statistical tests are indicated at the top of each panel: Kruskal–Wallis test for continuous variables (A–E) and chi-square test 

for categorical variables (F–H).

https://doi.org/10.3989/scimar.05636.117


8  •  E. Quispe-Salazar et al.

SCI. MAR. 89 (4), December 2025, e117, ISSN-L: 0214-8358, https://doi.org/10.3989/scimar.05636.117

Covariate patterns by gonadal maturity stage

GSI showed a progressive increase with the advancement of maturity, reaching the highest values in stages III 
(µ=5.80) and IV (µ=6.78), followed by a decrease in stage V (µ= 3.07), and these differences among maturity stages 
were statistically significant according to the Kruskal–Wallis test (p<0.001) (Fig. 2A). CF did not exhibit a clear 
progressive pattern across the stages of gonadal maturity; however, Kruskal–Wallis tests revealed significant differ-
ences between several stages (p<0.001; Fig. 2B). TL scaled positively with gonadal development. Immature stages 
(O–II) showed smaller mean sizes (10.46–12.43 cm), whereas advanced maturity stages (III–V) showed larger 
values (13.30–13.96 cm). Overall, mature individuals were larger than immature ones (Kruskal–Wallis, p<0.001; 
Fig. 2C). LAT showed a northward shift in the more advanced maturity stages, with early stages O–II occupying 
more southerly latitudes (µ=–11.18 to –10.88), whereas advanced stages III–V occurred farther north (µ=–9.83 to 
–9.14) (Kruskal–Wallis, p<0.001; Fig. 2D). DC increased from immature stages O–II (µ=12.92–13.85) to advanced 
stages III–IV (µ=19.82–22.15), before decreasing again in stage V (µ=13.58). This indicates that mature individuals 
(III–IV) were, on average, found farther offshore (Kruskal–Wallis, p<0.001; Fig. 2E). However, in general, the best 
conditions for maturation and spawning were observed in nearshore areas (<50 nm), with only a few cases of mature 
individuals recorded as far as 110 nm from the coast (Fig. 2E).

The proportion of the mature group (stages III, IV and V) was comparable between females (51.5%) and males 
(48.5%). However, differences were observed in stages O, I, and II, with a higher frequency of males in stage II 
(males 60%, females 40%) (chi-square test, p<0.001; Fig. 2F). This could be attributed to the faster rate of spermato-
genesis compared with oogenesis. During the spawning periods PRD-1 and PRD-2, a higher proportion of mature-
active and mature-inactive individuals was observed (III=51.81%, IV=60.95% in PRD-1; III=30.48%, IV=25.91% 
in PRD-2) than during PRD-0, where these stages were less represented (III=17.70%, IV=13.14%), consistent with 
a significant association between GMS and the spawning period (chi-square test, p<0.001; Fig. 2G). Regarding 
ENSO conditions, under neutral conditions, a higher frequency of mature specimens was recorded (III=50.24%, 
IV=55.88%). In contrast, during El Niño events, the proportion was moderate (III=33.46%, IV=35.82%), and mark-
edly lower under La Niña (III=16.30%, IV=8.30%) (Fig. 2H), the distribution of GMS differed significantly among 
ENSO phases (chi-square test, p=0.001; Fig. 2H).

Detailed Kruskal–Wallis statistics and pairwise comparisons for all continuous variables, together with chi-
square test results showing significant associations between GMS and the categorical variables are provided in 
Supplementary Tables S1 and S2.

Model formulation and performance

Classification models were structured as probability functions of GMS and GMG, systematically incorporating 
covariates based on biological relevance. Model progression followed the following structure: gonadometric (M-1), 
body metrics (M-2,3), spatial distribution (M-4,5), reproductive biology (M-6,7) and environmental interaction (M-
8). The eight models are described below:

M-1:  P(GMS = k )= f(GSI)
M-2:  P(GMS = k )= f(GSI, TL)
M-3:  P(GMS = k )= f(GSI, TL, CF)
M-4:  P(GMS = k )= f(GSI, TL, CF, LAT)
M-5:  P(GMS = k )= f(GSI, TL, CF, LAT, DC)
M-6:  P(GMS = k )= f(GSI, TL, CF, LAT, DC, SX)
M-7:  P(GMS = k )= f(GSI, TL, CF, LAT, DC, SX, PRD)
M-8:  P(GMS = k ) = f(GSI, TL, CF, LAT, DC, SX, PRD, ENSO)

The classification of the groups and GMS showed a similar pattern in model performance, with a progressive in-
crease as more covariates were included (Fig. 3). In terms of accuracy, RFO stood out for its superior performance, 
achieving ACC values above 0.90 (Fig. 3A, E). The high agreement between predicted and observed values was 
also supported by κ values above 0.80 for RFO (Fig. 3C, D). For the F1-score—an indicator of the balance between 
precision and sensitivity—a similar pattern was observed as in the accuracy and concordance values. RFO achieved 
the highest values, reaching an F1-score of 0.96 (Fig. 3E, F). The results showed that RFO outperformed the other 
models and maintained greater stability, with a minimum log loss value of 0.13 (Fig. 3G, H). Together, these find-
ings established RFO as the most robust and consistent algorithm for classifying both GMS and GMG. Sequential 
model assessments showed that M-5 achieved the greatest marginal improvement in predictive performance. This 
was particularly evident when DC was included alongside GSI, TL, CF and LAT. For GMS, transitioning from M-4 
to M-5 resulted in an increase in accuracy by 3.1%, kappa by 3.7%, and F1 by 3.1%, while also decreasing log loss 
by 12.9%. For GMG, the gains were 1.5% in accuracy, 2.0% in kappa, 1.5% in F1 score, and a 7.5% decrease in log 
loss. Beyond this point, additional models (M-6 to M-8) gave negligible improvements, indicating a performance 
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plateau. Thus, M-5 was selected as the optimal model, balancing predictive power, consistency and parsimony, and 
aligning with our ecological interpretation (Fig. 3).

Fig. 3. – Performance and sensitivity of the models for different classification algorithms. Accuracy (ACC), Kappa coefficient (κ), F1 score 
and log-loss (LLS) are shown in rows A–H for the classification of gonadal maturity stages (left column) and gonadal maturity groups (right 

column).

Importance of predictor variables

In the assessment of the relative contribution of each covariate in classifying gonadal maturity at M-5, GSI and 
TL stood out as the most influential predictors, showing high frequencies as root nodes (205 and 140 times), lower 
average depths (0.84 and 1.14), and a large number of appearances in the trees (>50000) (Fig. 4). Although the pre-
dictive contribution of TL was lower than that of GSI, it was consistently selected as a root node and remains bio-
logically relevant because larger individuals are more likely to reach advanced maturity stages. This was especially 
evident in the classification of GMS stage V, where GSI decreased after peaking at stage IV, while TL continued to 
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increase. LAT showed secondary importance, with 95 appearances as a root node and a minimum average depth of 
1.56, and the remaining covariates contributed to a lesser degree, supporting the discrimination of maturity stages 
(Fig. 4).

Fig. 4. – Multidirectional importance of the predictor variables in the M-5 model using random forest for the classification of gonadal maturity 
stages and groups in Peruvian anchovy. Three measures evaluate the importance of each predictor: a) times in a root, which corresponds to the 
number of trees in which the predictor was used as the root node; b) mean minimum depth, which refers to the depth or level of complexity in 
the tree structure (a lower value indicates a simpler and more accurate tree); and c) number of nodes, indicating how many times each predictor 

was included in the forest (larger circles represent greater representation).

Classification performance and stage overlap

In the assessment of the classification within GMG and GMS with the confusion matrices obtained for the M-5 
model, these reflected a robust performance in classifying GMS (Fig. 5A). The matrix based on maturity stages 
showed high accuracy levels in stages O, I, II and V, with correct classification rates higher than 92%. However, 
stages III and IV showed a greater degree of overlap, particularly with 14.4% of stage III observations classified as 
stage IV, and 10.2% of stage IV observations classified as stage III. On the other hand, the classification in GMG 
(Fig. 5B) yielded better results, with correct classification rates exceeding 91.0% for the maturity groups. Overall, 
the simplification in GMG reduced ambiguity between adjacent classes and supported its predictive reliability of 
the model.

Concordance between observed data and model predictions

Observed patterns for 2015–2022 (Buitrón et al. 2015 scale) and predicted patterns for 1984–2014 (M-5 random 
forest classification) showed strong concordance at GMS level for both GSI (τ=0.87, p=0.016; Fig. 6A) and TL 
(τ=0.867, p=0.017; Fig. 6B). These findings confirm that GSI increases consistently from stage O to IV and that 
individuals with more advanced gonadal development tend to be larger. Lin’s CCC supported these findings (GSI-
GMS=0.97 [0.83, 0.99]; TL-GMS=0.81 [0.71, 0.94]), and KS tests indicated that GSI distributions did not differ 
significantly between periods across GMS (Fig. 6A), whereas TL distributions showed significant differences in 
most GMS (Fig. 6B). At GMG level, rank concordance was also high (GSI: τ=0.959, p=0.043; TL: τ=0.96, p=0.044; 
Fig. 6C, D). CCC values confirmed strong agreement (GSI-GMG=0.97 [0.72, 1.00]; TL-GMG=0.85 [0.70, 0.95]). 
KS tests further indicated that GSI distributions did not differ significantly between periods across GMG (Fig. 6C), 
whereas TL distributions showed significant differences in most groups (Fig. 6D). Based on this, Bland–Altman 
analyses revealed no systematic change for GSI at GMS level (change=0.35; Fig. 6E) but a consistent negative 
change for TL (≈−0.98; Fig. 6F), while at GMG level there was no systematic change for GSI (0.36; Fig. 6G), and 
TL showed a persistent negative change (≈−0.99; Fig. 6H). Overall, these results demonstrate that the M-5 model is 
robust in reproducing historical reproductive patterns, particularly the structure of GSI and TL, while also revealing 
a decline in total length in the more recent period.
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Fig. 5. – Confusion matrices of the classification models using random forests algorithm for (A) gonadal maturity stages (O, I, II, III, IV and 
V) and (B) gonadal maturity groups (virginal, immature, mature-active and mature-inactive) in Peruvian anchovy. Predictions correspond to 

the final selected model (M-5).
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Fig. 6. – Concordance between observed data (2015–2022) and model predictions (1984–2014) of reproductive patterns of Peruvian anchovy. 
Comparisons of gonadosomatic index (GSI) and total length by gonadal maturity stages (GMS: A, B) and gonadal maturity groups (GMG: C, 
D). VI, virginal; IN, immature; MA, mature-active; MI, mature-inactive. Observed values correspond to empirical data collected in the period 
2015–2022 (Buitrón et al. 2015 scale), while predicted values correspond to classifications for 1984–2014 obtained from the M-5 random 
forest model. Boxplots (A-D) display medians and interquartile ranges, annotated with Kolmogorov–Smirnov test results for distributional 
differences. The pattern concordance between periods was quantified with Kendall’s τ (± p), absolute agreement with Lin’s concordance 

correlation coefficient (CCC, 95% CI), and systematic change with Bland–Altman analyses (E-H).
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DISCUSSION

GSI as a robust indicator of gonadal maturity

The use of GSI has been applied to other species of the genus Engraulis, allowing the description of their re-
productive behaviour under different space-time scales (Yoneda et al. 2013, Djurovic et al. 2018, Basilone et al. 
2020, Rahmani et al. 2020). The choice of GSI as the primary descriptor of reproductive behaviour is supported by 
several factors. (1) It is independent from body size, allowing comparisons of individuals of different sizes without 
biases associated with growth (DeVlaming et al. 1982). (2) It meets the isometric condition in the slope of the log-
log relationship between gonadal weight and eviscerated weight by maturity stages (Somarakis et al. 2004). (3) It 
shows homogeneity of the slopes between different maturity stages (Erickson et al. 1985). In the case of anchovy, 
GSI increased with TL from stages O to III. Still, this trend plateaued at advanced maturity (stage IV), where larger 
individuals did not show higher GSI values, indicating that GSI values ​​are independent of body size (Fig. 2A, C). 
Although the assumptions of isometry and homogeneity were not directly evaluated in this study, GSI showed the 
highest discriminative power among the variables analysed, followed by TL (Fig. 4). This discriminative capacity is 
further illustrated by the bivariate distribution of TL and GSI by sex (Fig. 7), which shows an increase in GSI with 
TL from the early stages up to stage III, followed by stabilization at stage IV. This pattern is evident in both sexes 
and reinforces the interpretation that GSI, together with TL, provides a consistent descriptor of reproductive devel-
opment across all maturity stages, becoming even more apparent when GMS are aggregated into GMG. Moreover, 
the combined use of GSI and TL helped reduce subjectivity and improve retrospective classification in the historical 
series from 1984 to 2014. These findings are consistent with previous studies, which have shown that GSI remains 
a reliable indicator of gonadal maturity (Flores et al. 2019), particularly when integrated with classification models 
based on machine learning (Flores et al. 2024).

Fig. 7. – Bivariate distribution of total length and gonadosomatic index of Peruvian anchovy by sex, shown according to (A) gonadal maturity 
stages and (B) gonadal maturity groups. VI, virginal; IN, immature; MA, mature-active; MI, mature-inactive.
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Machine learning advances in fish reproductive ecology

Multiple classification algorithms have been used to study life history traits in fish. Traditional models such as 
linear discriminant analysis and multinomial logistic regression have proven useful in identifying patterns related 
to maturation (Engelhard et al. 2003), the relationship between age and length (Gerritsen et al. 2006), early-stage 
development (Ibaibarriaga et al. 2007) and recruitment (Fukuda et al. 2013). However, these techniques have limi-
tations when the relationships between variables are nonlinear or when there is high collinearity among predictors, 
which reduces their accuracy and generalization ability (Breiman et al. 1984). In contrast, machine learning algo-
rithms such as random forests (RFO) and neural networks have shown improvements in predicting age (Benzer et 
al. 2022), reproductive behaviour (Brownscombe et al. 2020, Brown-Peterson et al. 2021, Flores et al. 2024) and 
recruitment (Fernandes et al. 2010, Fernandes et al. 2015, Okamura et al. 2024), proving more effective in situations 
with complex nonlinear relationships and high data dimensionality (Breiman 2001, Venables and Ripley 2002).

Limitations of RFO in classifying gonadal maturity stages

In this study, the RFO algorithm successfully classified GMS in anchovy, using a histologically validated scale 
as a reference (Buitrón et al. 2015). However, as with all supervised classification models, certain limitations were 
identified that should be considered: 

1) � The class imbalance in the data, with less frequent maturity stages, which can affect the ability to correctly 
classify these categories. To address this, stratified oversampling was applied (Chawla et al. 2002, Lemaître 
et al. 2017), improving the representation of minority classes and the model’s stability. 

2) � The quality of the training data and its generalization capacity in the model’s performance. In this study, the 
data collected from research surveys, a scientific platform that ensured data reliability through standardized 
sampling protocols (Castillo et al. 2009, Buitrón et al. 2011, 2015), were used. Additionally, the Z-score was 
applied to detect and exclude outliers (Quinn and Keough 2002, Jamshidi et al. 2022). 

3) � The low interpretability of the model, considered a black-box model, makes it difficult to understand the 
relationships between variables (Breiman 2001). However, it allows for the evaluation of the importance of 
predictor variables (Paluszynska et al. 2022), facilitating the identification of variables with the highest dis-
criminatory power in the classification of GMS.

Limitations in the macroscopic discrimination of gonadal maturity stages

The lower accuracy of the M-5 model (Fig. 5A) in classifying stages III (mature) and IV (spawning) is attributed 
to the subjectivity in macroscopic evaluation by observers, based on visual characteristics such as coloration, vol-
ume and vascularization of the gonads, which introduces inter-observer variability (Vitale et al. 2006, McPherson et 
al. 2011), along with the overlap in GSI between these stages. This difficulty is further accentuated by the gradual 
histological transition between the two stages: in females, stage III is characterized by the coexistence of oocytes 
in different stages of development, whereas in stage IV, the presence of hydrated oocytes and/or post-ovulatory 
follicles is typical; in males, stage III shows seminiferous tubules filled with spermatocytes and sperm, whereas 
in stage IV, seminiferous tubules exhibit empty zones with fewer sperm (Buitrón et al. 2015). These transitions 
between stages in both females and males complicate macroscopic discrimination in advanced stages of gonadal 
maturity. However, when stages III and IV were grouped under the functional category of mature-active (develop-
ing and reproductively capable), the accuracy model improved, overcoming the macroscopic limitations between 
stages (Fig. 5B). In this regard, although a validated macroscopic scale exists, it is recommended to complement it 
with microscopic staging to achieve a more precise cataloguing and finer discrimination between stages (Kjesbu et 
al. 2003, Wyanski and Brown-Peterson 2010). We consider that the choice between using stages or grouping them 
into functional categories represents a trade-off between the level of biological resolution and the statistical stabil-
ity of the model, where stages provide detail, while groups offer greater robustness and simplicity for operational 
applications

Environmental and biological drivers of reproductive variability

The advantages of the random forest model over macroscopic analysis are evident, as it incorporates multiple 
variables, including both biological (GSI, TL and CF) and spatial (LAT and DC) factors. Although variables such as 
sex, reproductive period, and environmental conditions were not selected in the final model (M-5), their influence 
was indirectly reflected through changes in GSI and TL. This ability to reflect changes in reproductive behaviour in 
GSI and TL has been documented in several studies, indicating that larger individuals tend to maintain prolonged 
spawning activity throughout the year (Perea et al. 2011), while smaller individuals mature and spawn for the first 
time during reproductive periods PRD-1 and PRD-2 (Saetersdal and Valdivia 1964, Jordán 1980, Peña et al. 1989). 
Moreover, events such as El Niño and La Niña impact GSI (Perea et al. 2015, Cuba et al. 2020, 2023), reflecting 
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alterations in the reproductive behaviour of anchovies, including shifts in the reproductive cycle, decreased fertility 
and reduced spawning frequency (Buitrón and Perea 2000). To reduce the variability introduced by the reproductive 
period and sex, it is recommended that the operational application of the model focus on females and during the 
main reproductive periods, considering the environmental scenario, as suggested in previous studies (Flores et al. 
2015, Flores et al. 2019). Additionally, analysis should prioritize females, as their reproductive indicators, such as 
GSI, spawning fraction and atresia index, support management decisions for temporary closures during the repro-
ductive cycle of Peruvian anchovy (Perea et al. 2011).

Temporal consistency in GSI-TL patterns

Finally, the strong concordance observed between GSI and TL patterns across both periods supports the robust-
ness of the M-5 model. This finding suggests that the biological relationship between GMS, gonadal development 
and body growth in anchovy has remained consistent (Fig. 6), despite possible decadal variations (Mori et al. 2011) 
or changes in gonadal maturity scales (Einarsson et al. 1966, Buitrón et al. 2015). Nevertheless, although correla-
tions were high, it is noteworthy that, in the most recent period, the average TL values in both GMS and GMG 
were lower than those in 1984–2014. This pattern may reflect changes in population structure or environmental 
conditions that influence reproductive biology and somatic growth in anchovy, and it should be taken into account 
in future studies.

CONCLUSIONS

The Peruvian anchovy is one of the most important fisheries globally (FAO 2024) and plays a key role in the 
trophic structure of the Humboldt Current ecosystem (Taylor et al. 2008, Tam et al. 2010). Therefore, understand-
ing its reproductive biology is crucial for the conservation and sustainable management of the resource. Our results 
demonstrate that GSI is the primary predictor of maturity and, together with TL, enables a reliable classification of 
GMS in this species. In this context, classification algorithms—and particularly the random forest applied here—
proved to be highly effective. The superiority of random forest was evident not only in its high predictive accuracy 
but also in its ability to handle the biological, temporal and spatial complexity associated with gonadal maturity.

The application of predictive models for the historical classification of maturity stages represents a significant 
advancement in standardizing and maintaining the continuity of the time series of reproductive indicators in an-
chovies. However, it is essential to consider the spawning process, as it depends on still unknown variables that 
require further study. Despite this limitation, this approach not only facilitates the coherent integration of historical 
data with the current gonadal maturity scale but also provides opportunities for retrospective analysis of anchovy 
reproductive behaviour. As a result, a more accurate and reliable interpretation of the reproductive patterns of this 
species is achieved, along with a deeper understanding of its long-term trends.

Against this background, the implementation of GSI, combined with the random forest algorithm, is as a com-
plementary tool for macroscopic cataloguing in commercial fishing monitoring programmes and research surveys, 
evaluating its effectiveness through histological analysis, the primary reference for assessing gonadal maturation 
in fish. This approach not only enhances the ability to integrate multiple variables but also opens the possibility of 
exploring various machine learning algorithms. It is suggested that its applicability be explored in other pelagic spe-
cies of interest, with the aim of optimizing the historical classification of GMS, standardizing it to their validated 
scale, and ultimately enhancing the understanding of the reproductive behaviour of these species.

SUPPLEMENTARY MATERIAL

The following supplementary material is available through the online version of this article: 
Fig. S1. – Spearman’s correlation matrix between variables for the classification of Peruvian anchovy gonadal 

maturity stages. The number of observations used for each variable is indicated in parentheses. The variables were 
ordered using hierarchical clustering. CF, condition factor; DC, distance to coast; EW, eviscerated weight; GL, go-
nad length; GSI, gonadosomatic index; GW, gonad weight; LAT, latitude; TL, total length; TW, total weight.

Table S1. – Summary of Kruskal–Wallis statistics and Dunn’s post hoc pairwise comparisons (with Benjamini–
Hochberg adjusted p-values) for continuous variables evaluated across different gonadal maturity stages. Only sig-
nificant pairwise differences are reported. CF, condition factor; DC, distance to coast; GSI, gonadosomatic index; 
LAT, latitude; TL, total length.

Table S2. – Summary of chi-square statistics and post hoc evaluation using standardized residuals (|residual| >2) 
for categorical variables associated with gonadal maturity stages.
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