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ABSTRACT

Objective: Effective management of recreational fisheries requires accurate forecasting of future harvests and real-time monitoring.
Traditional methods that rely on historical catch data can be unreliable, particularly when regulatory changes alter angler behavior. This
study aimed to develop and test statistical models to improve predictions of Gulf of Mexico Gag Mycteroperca microlepis harvests for both
preseason planning and in-season monitoring.

Methods: We developed a statistical modeling framework to forecast Gag harvests and compared its performance to that of traditional
historical average-based methods. Model accuracy was evaluated for both cumulative preseason projections and in-season monitoring.
Additionally, we assessed the framework’s ability to account for effort compression in shorter seasons.

Results: Ourbest-fitting model outperformed traditional methods in both preseason and in-season forecasts. The model also demonstrated
higher accuracy in recent years, particularly for shorter seasons in which effort compression was apparent. Two key advantages of our frame-
workare (1) the ability to account for changes in angler behavior as a result of effort compression and (2) the ability to quantify the probability
of exceeding harvest quotas, providing managers with a tool to evaluate trade-offs between season duration and conservation objectives.

Conclusions: This study highlights the value of statistical modeling for improving fisheries management. By offering more accurate harvest
predictions and explicit estimates of the probability of exceeding quotas, our approach provides a flexible tool to support decision making,
particularly for vulnerable, highly targeted stocks.

KEYWORDS: effort compression, fishing season, Gag, Gulf of Mexico, in-season monitoring, season projections

LAY SUMMARY

Effective fisheries management needs accurate harvest forecasts. Traditional methods using historical data can be unreliable, especially
with regulatory changes. Our model improved Gulf of Mexico Gag harvest predictions, helping managers to balance season length and
conservation goals.

INTRODUCTION

the quota will be exceeded. Therefore, the accuracy of these

One of the primary management strategies in recreational fish-
eries is the use of temporal harvest restrictions to reduce fish-
ing pressure. Annual fishing quotas, determined in large part
by stock assessments, are used to help establish the duration of
the fishing season (Methot et al., 2014). The actual duration of
the recreational fishing season is based on projections of when

projections, along with in-season monitoring as the season
progresses, is crucial to minimize the risk of overfishing and
ensure sustainable fisheries.

Both preseason and in-season harvest projections are typi-
cally estimated using historical, temporally indexed harvest
information from previous years (Carruthers et al., 2014).
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Recreational fishing season closure dates are often established
before the season begins, thus providing private anglers and
for-hire businesses with a clear expectation of the total season
duration. This approach relies on projections for when the rec-
reational quota will be met before any harvest data from the
present year are available (Farmer & Froeschke, 2015; Farmer
etal., 2020). However, temporally indexed recreational harvest
estimates are seldom available on the timelines required for in-
season management (Carter et al., 2015; National Academies
of Sciences, Engineering, and Medicine, 2021). Due to the
substantial number of participants in many recreational fisher-
ies, recreational harvest is often estimated using sampling data
from dockside interviews and mail surveys of effort, followed
by survey-based extrapolation methods (Marine Recreational
Information Program [MRIP], 2023; National Academies of
Sciences, Engineering, and Medicine, 2021). The time required
to implement this methodology, especially the mail survey,
results in estimate reporting lags of up to several months after
sampling. Consequently, managers are often forced to rely on
limited in-season and past harvest information to formulate
and update harvest forecasts as the season progresses.

Unfortunately, past harvest data can be an unreliable pre-
dictor of future harvest rates when regulations change (Carter
et al., 2015). Angler behaviors, including decisions about
whether to fish and which species to target, are heavily influ-
enced by fishing regulations (Farmer et al., 2020; Hyman etal.,
2024). Anglers often focus on popular species that are currently
open for harvest and may concentrate their efforts on a par-
ticular species if its season is shortened (Abbott et al., 2018;
Trudeau et al., 2022). When harvests exceed projections based
on past estimates, managers may need to implement post hoc
accountability measures, such as reducing the quota for the sub-
sequent year (i.e., a payback; Methot et al., 2014). Participants
in the recreational fishery may perceive these measures as puni-
tive, despite their adherence to regulations, potentially leading
to decreased future compliance and undermining management
integrity (Cowan, 2011; Cowan et al., 2011). Therefore, tech-
niques that bridge the gap between harvest data availability
and real-time management needs are valuable tools for ensur-
ing sustainable fisheries and promoting recreational angler
satisfaction.

Modeling frameworks that leverage relationships between
readily available social, environmental, and management vari-
ables and harvest have demonstrable success in improving the
accuracy of both preseason projection and in-season monitor-
ing estimates. For example, a suite of sophisticated modeling
approaches has been applied to reliably forecast landings from
a broad range of species, including Gulf of Mexico (hereafter,
“Gulf”) Vermilion Snapper Rhomboplites aurorubens and Gray
Snapper Lutjanus griseus (Farmer & Froeschke, 2015), Gulf Red
Snapper Lutjanus campechanus (Farmer et al., 2020), Atlantic
Menhaden Brevoortia tyrannus (Hanson et al., 2006), giant
Pacific octopus Enteroctopus dofleini (Nagano & Yamamura,
2023), and Indian Oil Sardine Sardinella longiceps (Holmes
et al., 2021). Such methods can be used to set season dura-
tions (Farmer et al., 2020) or to “nowcast” in-season catch
rates (Carter et al., 2015) using combinations of fishing regula-
tions, socioeconomic factors, weather conditions, and Internet
search traffic. In fact, these modeling approaches can represent

considerable improvements over more typical projections that
are primarily based on past harvest data (Carter et al., 2015).

The accuracy gap between harvest projections based on sta-
tistical models and those derived from traditional methods may
be most pronounced during stock rebuilding periods, when rec-
reational quotas are low and seasons are significantly shortened.
Managers typically reduce season durations to alleviate fishing
pressure on vulnerable stocks. However, anglers may respond
by intensifying their effort within the limited fishing window,
leading to increased harvest rates (Abbott et al., 2018; Farmer
etal.,2020). This phenomenon, known as “effort compression,”
hasbeen widely documented in the recreational fishery for Gulf
Red Snapper (e.g., Farmer et al., 2020; Hyman et al., 2024;
Powers & Anson, 2016, 2018; Topping et al., 2019), where fed-
eral season reductions from 194 d in 2005 to just 9 d in 2014
resulted in exponentially higher catch rates for both private
and for-hire sectors (see Figure 4 in Farmer et al., 2020). Effort
compression is most pronounced during the shortest seasons,
typically when a stock s overexploited. Consequently, failing to
account for this behavior can lead to substantial harvest over-
ages precisely when the stock is most vulnerable. While tradi-
tional projections based on historical harvest averages cannot
inherently account for these behavioral shifts, statistical mod-
eling approaches can explicitly incorporate season duration
effects (Farmer et al., 2020; Hyman et al., 2024), theoretically
leading to more accurate forecasts and improved management
outcomes. However, such frameworks have rarely been applied
in management settings (Farmer et al., 2020).

In this study, we applied a regression framework to forecast
harvest for the recreational sector component of the Gulf Gag
Mycteroperca microlepis stock. Gag are highly targeted by rec-
reational anglers in the Gulf (Hyman et al., 2024), and the Gag
fisheryis currently in a rebuilding plan (Gulf of Mexico Fishery
Management Council [GMFMC], 2023). Recreational CPUE
has declined in recent years (Southeast Data, Assessment, and
Review [SEDAR], 2021), and stock status is currently consid-
ered impaired (i.e., overfishing is occurring and the stock is
overfished; GMFMC,2023; SEDAR, 2021; Southeast Fisheries
Science Center, 2023). In response, the GMFMC reduced
the recreational Gag annual catch limit (ACL) by 80% and
reduced the season duration from 214 din2022 to 49 din2023
(GMFMC,2023) and 15 din 2024 (National Marine Fisheries
Service [NMFS], 2024). Projections of season duration based
on harvest rates from previous years underestimated harvest
in the substantially shorter season, and the ACL was exceeded
in 2023 (GMFMC, 2023; NMFS, 2024) and with preliminary
2024 estimates, suggesting the occurrence of intensified fish-
ing effort within the shortened time frame. Consequently, more
precise projection methodologies that (1) incorporate changes
in harvest rates driven by temporal restrictions (i.e., effort com-
pression) and environmental conditions and (2) quantify the
risk of exceeding the harvest quota could enhance future fish-
eries management decisions. We developed a set of statistical
models to generate monthly estimates of harvest rates (pounds
per day open [1 Ib = 0.4 kg]) using management, socioeco-
nomic, environmental, and seasonal predictors. We also dem-
onstrate that this framework may be used to generate preseason
forecasts and in-season updates of when a hypothetical quota
will be met.
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METHODS

Data sources

‘We compiled recreational Gag harvest data from the for-hire sec-
tor from the NMFS MRIP For-Hire Survey (FHS) combined
with data from the Angler Point Access Intercept Survey (APAIS)
and private recreational data from the Florida Fish and Wildlife
Conservation Commission’s State Reef Fish Survey (SRFS). This
approach aligns with the data sources currently used for Gag
management, as both the GMFMC and National Oceanic and
Atmospheric Administration (NOAA)-NMFS monitor recre-
ational Gag landings by using SRFS and FHS/APAIS data.

Since 2023, the annual recreational Gag quota has been
determined based on the most recent stock assessment
(SEDAR, 2021) in conjunction with a stock rebuilding frame-
work (GMFMC, 2023), both of which fundamentally rely on
recreational landings from the private fleet (represented by
the SRES) and the for-hire fleet (represented by the FHS).
Aggregated monthly landings from these surveys are used to
monitor quota attainment. We applied similar aggregation
methods to construct our predictive models, with two excep-
tions. First, although MRIP collects data from shore-based
anglers and includes shore harvest in the recreational quota,
we excluded shore mode from our analysis due to its historically
negligible contribution to Gag landings and the high uncer-
tainty in its estimates (NMFS, Fisheries Statistics Division,
personal communication). Second, our analysis focused on the
west coast of Florida only (excluding the Florida Keys) rather
than the Gulf as a whole, as more than 98% of all Gulf Gag
landings have occurred in Florida since 2011 (GMFMC, 2023;
NMES, Fisheries Statistics Division, personal communication).

The SRFS was established in 2015 (originally named the
“Gulf Reef Fish Survey”) to improve harvest estimates for off-
shore species that are less frequently targeted and caught. The
survey focuses on reef-associated species, including Gag, Red
Grouper Epinephelus morio, Gray Triggerfish Balistes capriscus,
Red Snapper, Vermilion Snapper, Greater Amberjack Seriola
dumerili, Hogfish Lachnolaimus maximus, Mutton Snapper
Lutjanus analis, and Yellowtail Snapper Ocyurus chrysurus.
The SRES estimates CPUE using a combination of data col-
lected on these reef-associated species from the APAIS and
data collected from SREFS intercepts, which are conducted at
public boat ramps, where offshore fishermen are more com-
monly encountered. The SRFS mail survey is sent to a stratified
random sample of anglers with the free State Reef Fish Angler
(SRFA) designation on their Florida saltwater license, asking
them to report their fishing activity over the past month.

The combination of increased dockside sampling at oftshore
access points, a larger sample size, and a more targeted mail
survey frame allows the SRFS to produce more precise harvest
estimates for reeffish compared to the MRIP survey, which has
abroader scope of all saltwater fish species.

The FHS (NOAA MRIP) estimates recreational catch and
effort for charter fishing trips in U.S. waters. This survey targets
federally permitted for-hire vessels, including charter boats and
head boats, which operate with licensed captains and provide
fishing opportunities for recreational anglers. Catch and effort
estimates are derived from a combination of APAIS dockside
interviews, electroniclogbooks, and randomly assigned telephone
surveys, which are used to calculate total catch for the sector.

Both SRES and FHS use dockside sampling to collect catch-
per-trip data. In these interviews, trained samplers record details
from anglers about their completed fishing trips, including the
number and species of fish caught, the size of landed fish, and fish-
ingeffort (e.g., hours fished). These catch data are then combined
with effort estimates from the mail or telephone surveys to calcu-
late total harvest. Statistical methods are applied to account for
sampling variability and potential reporting biases, thus ensur-
ing robust estimates for fisheries management. To standardize
harvest rates from the SRFS and FHS in Florida, we aggregated
monthly Gag harvest estimates across months with varying open
seasons. We then divided each monthly estimate by the number
of days open to fishing to calculate daily harvest rates. To avoid
division by zero in months when harvest was closed, we added
one additional day to the denominator. This transformation
improved model convergence and substantially enhanced over-
all prediction accuracy. However, dividing total harvest across
out-of-season months resulted in artificially elevated monthly
harvest “rates” for May and June 2024—months with minimal
actual harvest. These values were exaggerated when expressed
as arate because no days were open to harvest. When we trans-
formed the estimates back to total monthly harvest (our primary
variable of interest), the relative deviations between predicted
and observed values were greatly reduced. Asaresult, we deemed
the transformation appropriate, as it yielded estimates that accu-
rately reflected observed monthly harvest totals.

Predictors considered

We considered multiple regulatory, socioeconomic, and envi-
ronmental predictors to model patterns in recreational Gag
harvest rates (Table 1). Fundamentally, we expected Gag har-
vest rates to be positively related to whether a month was open
to Gag harvest, as anglers would presumably target Gag when
the season is open (Hyman et al., 2025). However, Gag tem-
poral regulations along the Gulf coast of Florida are complex
and have historically differed spatially, requiring careful con-
sideration of how to translate these regulations into relevant
predictors. From 2012 to 2022, a four-county special season
for Gag in Florida applied to Franklin, Wakulla, Jefferson, and
Taylor counties, occurring when the regular state and federal
waters were closed. During this period, state waters in these
counties were opened for recreational Gag harvest from April
1 through June 1 or June 30, depending on the year (Hyman
et al., 2024). This special season allowed for local adjustments
to manage the species effectively and support angling oppor-
tunities. For all Gulf state and federal waters, Gag harvest was
generally open from June 1 to December 31. To account for spa-
tial differences in Gag temporal restrictions, we created three
predictors denoting whether the four-county season was open
(denoted SpecialGag), the season for the remainder of Gulf state
and federal waters was open (denoted Full;, ), or neither sea-
son was open (denoted ClosedGag).

These predictors were included as dummy variables in the
mean component of the model (see the Analysis section below),
conditioned on observing a nonzero harvest rate. The Closed,;,,
variable therefore was specified as the reference intercept and
represented the expected nonzero harvest rate when the sea-
son was closed. In contrast, the Fullg,, and Specialg,, variables
were specified as dummy indicators in reference to this baseline

Gag
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Table 1. Symbology and descriptions of each predictor considered in Florida State Reef Fish Survey (SRFS) Gag harvest models.
Abbreviations are as follows: FWC = Florida Fish and Wildlife Conservation Commission, MRIP = Marine Recreational Information

Program, and RS = Red Snapper.

Variable Description Data source and references
Closed,,, Gag harvest rate when the season is closed to fishing, taken to be the reference =~ FWC
intercept
Specialg, Binary variable denoting whether the four-county “special” Gag seasonis open ~FWC
Fullg,, Binary variable denoting whether the Gag season is open statewide FWC
Openg,, Binary variable denoting whether the Gag season is open at all FWC
Seasong,, Natural logarithm of the recreational Gag season duration in Florida FWC
In Past Natural logarithm of the index of abundance taken as the average Gag harvest ~ MRIP and SRFS
in a given month based on the most recent 3 years in which that month has
been open
Daysgg Fraction of days in a month that were open to Red Snapper harvest FWC
sinj, Annual sine term sin,, =sin(27 - £/12), where t is a given
month
COS;, Annual cosine term cosy,, = cos(2m-t/12)
sing Semi-annual sine term sing, =sin(27 - t/ 6)
cosg Semi-annual cosine term cosg,=cos(27 - t/6)
Year Number of years since the start of the time series (2015)
License Number of active SRFS fishing licenses in a given month FWC
Unfishable  Fraction of unfishable days in a month Global Surface Summary of the Day weather
data from the U.S. National Centers for
Environmental Information (Sparks et al.,
2017)
Fuel Florida mean gasoline price (adjusted for inflation using 2024 U.S. dollars) U.S. Energy Information Administration

when either season type was open. Furthermore, for the hurdle
component of our regression model, we introduced a fourth
binary variable, Openg,,, which indicated whether either
season was open. Here, the intercept of the hurdle denoted
the probability of observing a Gag harvest rate of zero when
the season was closed, while Openg,, denoted the change in the
probability of observing a zero Gag harvest rate when either
the full season or the four-county season was open. This was
based on the expectation that the probability of observing zero
Gag harvested per day would depend on whether Gag harvest
anywhere was permitted during that period. Hence, the man-
agement variables in the model reflected two distinct processes:
(1) given whether any type of season was open, the probability
of observing a nonzero harvest rate; and (2) conditional on a
nonzero harvest rate, the expected harvest rate under each sea-
son type (closed, open in both state and federal waters, or open
only in the special four-county area).

For highly targeted species, anglers often compensate for
shorter fishing seasons by increasing the number of trips taken
during the open season, a phenomenon known as effort com-
pression (Powers & Anson, 2016, 2018; Topping et al., 2019;
Trudeau etal., 2022). As a result, recreational harvest does not
necessarily decline linearly with shorter seasons. To account for
this nonlinearity, we included the duration of the Gag season
(for both federal and statewide waters) as a predictor of harvest
rate. Building on the logic presented by Hyman et al. (2024),
we used the natural logarithm of season duration as a predic-
tor. This approach reflects the principle that changes in season
duration have a greater relative impact on harvest rates when
the season is short. In contrast, as the season lengthens, the
marginal impact of additional days diminishes, as longer sea-
sons often exceed the practical number of fishing opportunities
that most anglers can realistically pursue.

To arrive at preseason and in-season projections, NOAA’s
Southeast Regional Office (SERO) commonly uses an averaging
approach in which the projected harvest for a specific month is
calculated using the average harvest rate—both SRES and FHS
combined, divided by the number of days open to harvest—
observed during the same month over the three most recent
years when that month was open to harvest. As part of SERO’s
averaging approach, the harvest rate is assumed to be zero when
the recreation season is closed. Although this method attempts
to account for seasonal trends and variability, the accuracy of
this approach is predicated on an assertion that past conditions
underlying fishing conditions have remained unchanged—
a strong assumption that does not always hold (Carter et al.,
2015). To compare this approach to more complex modeling
frameworks, we included this historical average (denoted as
“Past”) as a predictor in all models. The simplest tested model
predicted harvest based only on this predictor and our Gag tem-
poral regulation predictors. However, for the years 2015, 2016,
and 2017, SRFS data were not available to calculate this 3-year
average since the survey began in 2015. To obtain 3-year averages
for these years, we supplemented SRFS data with private recre-
ational data from the APAIS that were weighted by the MRIP
Fishing Effort Survey and calibrated to be consistent with SRFS
units using established methodology (Cross etal., 2020; Ramsay
et al,, 2024). Finally, the four-county special season introduced
complexities into the estimation process, as harvest rates dur-
ing a month open only to these four counties differed from rates
when all of Florida’s Gulf coast waters were open. To address
this, we adjusted the 3-year averaging method. Specifically, if a
given month-year t was open solely to the four-county season,
we based the average on harvest rate data from the same month
in the three most recent years when only the four-county season
was active. Conversely, if the month-year t was open to all state
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and federal waters, the average was derived from the three most
recent years in which the entire Gulf coast was open to recre-
ational harvest of Gag. This adjustment ensured that projections
accounted for the distinct harvesting patterns associated with
spatial variations in the Gag season.

The Red Snapperis arguably the reef fish species most highly
targeted by anglers in the Gulf; consequently, Red Snapper
temporal regulations can affect other species within the wider
reef fish complex. Recent evidence suggests that the status of
the recreational Red Snapper season (open or closed) signifi-
cantly impacts both recreational fishing effort overall and Gag
harvest specifically (Hyman et al., 2024, 2025). This effect is
likely driven by the Red Snapper’s popularity and the shared
tendency of Red Snapper and Gag to aggregate around struc-
tured reef habitats. To account for this dynamic, we included
the proportion of time for which Red Snapper harvest was per-
mitted in a given month as a predictor in our models.

Seasonality influences both angler behavior and Gag vulner-
ability to harvest. Recreational angler effort fluctuates through-
out the year, often driven by environmental conditions, social
events, and other external factors (Farmer & Froeschke, 2015;
Farmer et al., 2020; Hyman et al., 2024; Trudeau et al., 2022).
Additionally, seasonal movements associated with Gag life his-
tory, such as spawning migrations and habitat use, can alter
the susceptibility of Gag to fishing pressure (Griiss et al., 2017;
Heyman et al., 2019; Lowerre-Barbieri et al., 2020). To capture
these seasonal dynamics, regression models can incorporate har-
monic terms, such as sine and cosine functions, which account
for periodic variations on annual or semi-annual cycles (e.g.,
Hyman et al., 2024; Trudeau et al., 2022). In our models, we
included four harmonic terms: sine and cosine functions oscillat-
ing at 12-month (annual) and 6-month (semi-annual) frequen-
cies, enabling a more precise representation of seasonal effects.

We included an annual trend as a predictor of Gag harvest
rates. The inclusion of an annual trend in recreational fishing har-
vest models accounts for long-term changes, such as improved
catch efficiency from advancements in technology and gear (e.g.,
Detmer etal., 2020; Marchal etal., 2007; Selgrath et al., 2018) as
well as shifts in angler behavior and environmental conditions.
These trends help to distinguish overarching patterns from
short-term fluctuations, thereby enhancing model accuracy.

Recreational fishing activityis often influenced by weather con-
ditions, with anglers less likely to fish during inclement weather
(Farmer et al., 2020). To evaluate this relationship, we used the
GSODR package in R to generate daily weather summaries along
the Gulf coast of Florida for each day and month between 2015
and 2024 (Sparks et al., 2017). Weather data were extracted from
allavailable U.S. National Centers for Environmental Information
stations that were located within 30 km of the Gulf coast and
operating within the study period. A total of 37 stations met
these criteria. We defined days with average wind speeds exceed-
ing 7.5 m/s as “unfishable” (Farmer et al., 2020). For each month,
we calculated the proportion of unfishable days, denoted as the
variable “Unfishable.” These weather patterns did not appear to be
trending over time in this time series. The Unfishable metric was
included asa covariate in our analyses to account for the impact of
adverse weather on recreational fishing effort and harvest.

Finally, we considered two socioeconomic variables—the
number of Florida state reef fish license holders and annual

fuel prices—as predictors of Gag harvest. Beginning in 2015,
Florida required the Gulf Reef Fish Angler (GRFA) desig-
nation (later adapted to the SRFA designation) for licensed
recreational fishermen to target select fish within the broader
multispecies reef fish complex. We hypothesized that the num-
ber of anglers with the GRFA or SRFA designation in each
month may be related to fishing effort targeted towards reef fish
and, by extension, Gag harvest. Moreover, as fuel prices may
affect anglers’ decisions to fish and/or the length of fishing trips,
we considered monthly fuel prices, adjusted for inflation, as an
economic predictor. Notably, both socioeconomic predictors
considered here generally increased throughout the time series.

Analysis

Monthly recreational Gag harvest rates (landings per day open)
were analyzed using a hurdle gamma (HG) generalized linear
model. This model has a probability mass function specified
separately for zero and a probability density function for non-
zero (positive) outcomes. The conditional density function for
the HG probability distribution is used to describe the distri-
butional forms:

0, y=0
HG(Y‘OL' ¢, e):{@—e)Gamma(yOL, 4))) y>0,

@

where 6 is the probability of observing a zero and Gamma(y|a,
¢) is the gamma probability density function for the Gag harvest
rate with inverse-scale and shape parameters o and ¢. Notably,
these parameters can be re-expressed in terms of the mean
(1) and variance (62). We therefore employed a distributional
regression approach whereby we modeled the mean and variance
directly. Consequently, the harvest rate for Gagis expressed as

e ~HG(atJ¢t19t)) )
Mt
o=,
t o
u
t
¢t_;?)

Ot = L )]
1+ exp(?»o + z lZIkt‘l}\.l)

B)p)" ~N(O;4);
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where y, denotes the weight of Gag harvested per day open in
the tth month-year. Meanwhile, |1, and g7 denote the mean
and variance, respectively, of the gamma distribution con-
ditioned on y,>0, and 0, denotes the binomial probability
of observing zero Gag caught in month-year t. We use x, z,
and k to refer to predictors included in modeling 1, 67, and
0, respectively. Similarly, coeflicients corresponding to L,
o2, and 0, are denoted P, p, and A, respectively. Both y, and
o? are related to their predictors and associated coefficients
through a log-link function, whereas 0, is related to its predic-
tors and associated coefficients through a logit-link function.
All regression coeflicients were assigned relatively uninfor-
mative, normally distributed priors with a mean of zero and
avariance of 16.

The Stan probabilistic programming language for Bayesian
modeling (Gelman et al., 2015), accessed via R (R Core Team,
2024), was used to fit all models. Each model involved four
parallel Markov chains with 5,000 iterations for warm-up and
another 5,000 iterations for posterior sampling, yielding 20,000
total draws for inference. Covariates were deemed significant
if their 80% Cls excluded zero (Chen et al., 2021; Kruschke,
2021; van de Schoot et al., 2021). All graphics were produced
using the ggplot2 package in R (Wickham, 2016).

Model selection

We constructed five candidate models to predict Gulf Gag har-
vest rates. For all models, we employed the same predictors to
estimate the hurdle and variance components and examined the
predictive performance of differing mean structures (Table 2).
For our simplest model (g,), we considered Gag temporal regu-
lations and the average historical Gag harvest as predictors of
mean Gagharvest for the current year. This model was designed
to emulate the methodology currently employed to predict har-
vest while also considering historic subtleties associated with
Gag temporal regulations across the Gulf coast of Florida.
Our second model, g,, expanded on model g; to include season
duration, an annual trend, seasonal harmonic terms, and Red
Snapper temporal regulations. Model g; expanded on model g,
toinclude social and economic variables, including the number
of state reef fish license holders in each month as well as the
average cost of fuel, adjusted for inflation. Conversely, model g,
expanded on model g, to include a weather variable, namely the
fraction of each month not considered fishable. Finally, model
g served as our “global” model, which included all predictors
considered. For all models, the hurdle component was speci-
fied only asa function of the binary Openg,, predictor, whereas
the variance component was specified as a function of annual
and semi-annual harmonic terms. We employed the estimated
log-pointwise predictive density (ELPD) and corresponding

Ag pp values to assess the predictive performance of each
model within our set of statistical models g, (Vehtari et al.,
2017). The ELPD values are commonly used to evaluate out-
of-sample predictive accuracy, while Ay, ,, values represent the
difference between the ELPD of a given model and that of the
best-performing model in the set. The ELPD and Ay, values
were estimated using the approximate leave-one-out informa-
tion criterion (Gelman et al., 2015; Vehtari et al., 2017), with
the calculations performed through the loo package (Vehtari
etal, 2022).

When two models showed similar A, values (i.e., <4;
Sivula et al., 2020), the simpler model was selected based on
the principle of parsimony.

Cross validation

We employed extensive cross validation (CV) to assess the
predictive power of our best-performing statistical model.
We considered two CV exercises, block CV and one-step-
ahead performance (1-SAP) CV, to separately assess the
suitability of our model for preseason and in-season projec-
tions, respectively. For our block CV exercise, we refitted the
model to truncated data sets eight times—each with 1 year
withheld—and subsequently compared predictions derived
from our models to withheld observed response variables for
allmonths in the withheld year. Because managers would only
have information from previous years when making preseason
projections, this CV method was a reasonable approach to
assessing model preseason posterior prediction accuracy. In
contrast, nowcasting entails making in-season projections
for the current time step based on previous information both
from the current year and previous years (Carter et al., 2015).
Asaresult, for 1-SAP CV for each year, we subsequently refit-
ted the model 11 times (once for each month). For each refit,
we included months 1 to m in our training set and then com-
pared posterior predictive distributions to observed data in
month m+ 1.

For each posterior scan (s) of 1,000 used, monthly harvest
rates were converted to total harvest by multiplying the pre-
dicted rates by the number of days for which the month was
open to harvest. In addition, for block CV, we then calculated
the cumulative harvest for month m as the sum of harvest
estimates across months (1,...,m ) using posterior predic-
tive scans derived from the HG distribution. To evaluate the
practical utility of our approach, posterior predictions of both
individual monthly harvest (using 1-SAP CV) and cumula-
tive harvest (using block CV) were then compared to withheld
data. This comparison assessed out-of-sample performance and
demonstrated the applicability of our projections in real-world
management scenarios.

Table 2. Fixed-effects formulas for the mean structure of the five candidate Gag harvest models considered. All models had identical
fixed-effects formulas for modeling the shape and hurdle parameters. Abbreviations for predictors are defined in Table 1.

Model Formula

I8 Closed,,, + Specialg,, + Fullg,, +In Past

% Closed,,, + Specialg,, + Full;,, +In Past + Season,, +sin;, +cos;, + sins + coss + Year + Daysyg

g Closed,,, + Specialg,, + Fullg,, +In Past + Seasong,, + sin,, +cos,, + sins + coss + Year + Daysy + License + Fuel
A Closed,,, + Specialg,, + Fullg,, +In Past + Seasong,, +sin,, +cos,, + sins + coss + Year + Daysy + Unfishable

g5 Closed,,, + Special,, + Full

Gag Gag

+In Past + Seasong,, + sin,, + cos,, +sins+ cos; + Year + Daysy + License + Fuel + Unfishable
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Comparison to current methods

We evaluated the predictive performance of our model,
both in-sample and out of sample, against estimates derived
using historical average harvest. To mirror current predic-
tion methods, we multiplied the historical average harvest
rate by the number of days that were open to Gag harvest in
the current month to estimate monthly harvest values. These
estimates were compared to those from our model under
three scenarios: (1) fitted to the full data set, (2) fitted to
data sets with individual years withheld (block CV), and (3)
fitted to data sets with individual months withheld (1-SAP
CV), alongside observed data. For block CV, we applied our
preseason cumulative estimation procedures to the historical
average harvest rates to enable direct comparisons with our
modeling approach. Comparative predictive performance
was assessed based on the root mean square error (RMSE)
of each estimate (from our model [i.e., the median posterior
predictive] or historical average harvest) relative to observed
harvest values.

2023 projection

After establishing the posterior predictive accuracy of our mod-
els, we conducted simulations to predict a hypothetical 2025
Gagseason duration using 1,000 posterior scans from our best-
fitting model. To begin, we calculated the adjusted annual catch
target (ACT) for 2025 by accounting for the 2024 overage pen-
alty, which was defined as the amount of Gag harvested in 2024
(249,000 1b) that exceeded the 2024 ACL (163,000 Ib) using
preliminary estimates. This overage was subtracted from the
2025 ACT (319,000 Ib) specified in the rebuilding plan (U.S.
Office of the Federal Register, 2025 [see Table 2 to Paragraph
(d)(2)(1)]; GMEMC, 2023; NMES, 2024):

2024 Penalty =2024 ACL —2024 Harvest
=163,0001b-249,000 Ib =—86,000 Ib,

2025 ACT =2025 Unadjusted ACT +2024 Penalty
=319,0001b—86,000 Ib=233,000 Ib.

To develop our simulations, we constructed a design matrix
in which all predictors (except for Gag temporal regulations
and seasonal variables) were fixed at their 2024 values. We
began by setting the season duration d to 1 d, with a start-
ing date of September 1. Months without any days open to
harvest were assigned the “Closed” temporal regulation
treatment, whereas months with days open were assigned the
“Full” treatment. Using our best-fitting model, we simulated
posterior predictive distributions of monthly harvest rates for
2025 across 1,000 posterior scans (s). For each scan, monthly
harvest rates were multiplied by the number of days open to
harvest within the corresponding month to derive posterior
predictions of monthly harvest. To estimate total harvest for
each scan, we summed harvest estimates across all months.
The process was repeated iteratively, incrementing the season
duration d by 1 d at a time until d was equal to 121, which
corresponded to the maximum possible season duration end-
ing December 31. For each season duration (d=1,..., 121),

we calculated the median and 80% posterior predictive inter-
val of total harvest. Additionally, for each season duration,
we estimated the probability that the ACT would be met or
exceeded as the proportion of posterior predictive scans in
which the total harvest met or exceeded the ACT. Finally, we
compared these projections to those using the historic aver-
age harvest rate for September.

RESULTS
Model selection and diagnostics

The best-fitting model was g,, which described mean Gag
harvest as a function of Gag temporal regulations, past har-
vest, seasonal terms, an annual trend, and Red Snapper
temporal regulations. Although models g;, g,, and g; demon-
strated similar predictive performance, with Ay, values of
4 or less (Table 3), model g, was the simplest among the four.
Consequently, we selected model g, for inference, adhering
to the principle of parsimony. Notably, the posterior distribu-
tions of the additional coeflicients introduced in models g;,
g4, and gi—Dbeyond those included in model g,—all had 80%
ClIs that included zero, providing further evidence that these
additional predictors did not improve predictive performance
(Table S1 [see online Supplementary Material]). Importantly,
the ELPD score for model g, was substantially higher than that
of model g;, indicating that incorporating additional predictors
beyond Gag temporal regulations and past harvest significantly
enhanced predictive power. Hereafter, all inferences are based
on model g,.

Time series plots comparing observed and predicted val-
ues, along with posterior predictive checks, indicated that
model g, providedagood fit to the observed data. Correlations
between posterior distributions among differing manage-
ment predictors were low (i.e.,, R2<0.1), and correlations
among continuous predictors were moderate (R2<0.5),
suggesting that all model coefficients were identifiable. The
posterior predictive median and 80% CI monthly estimates
aligned closely with in-sample estimates of monthly Gag
harvest rates (Figure 1A). As a notable exception, the model
underestimated two harvest rate values in 2024 when the
season was closed. These apparently large deviations were

Table 3. Model selection results from five Bayesian hurdle gamma
regression models (g;) predicting recreational Gag harvest.
Models are presented in order of predictive power based on
collected data. Values for the selected model (g,) are presented in
bold italics. Abbreviations are as follows: LOO =approximate
leave-one-out information criterion; ELPD, ;o = estimated
log-pointwise predictive density calculated from the LOO;

Ay pp =relative difference between the ELPD of any model and
the best model in the set; and SE A, ,, =standard error for the
pairwise differences in ELPD between the best model and any
given model.

Model LOO ELPD, Apon SE Appp
I 1,448.61 -724.31 0.00 0.00
% 1,450.83 —~725.42 ~1.11 073
P 1,454.08 —727.04 -2.73 1.22
g 1,455.08 —727.54 -3.23 1.50
4 1,490.43 —745.21 -20.91 6.92
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Figure 1. Model fit and diagnostic plots for the best-fitting model (g,): (A) observed (black) and expected (blue) monthly Gag harvest
rates (bands denote upper and lower 80% posterior predictive intervals; points shaded black denote observations); (B) scatterplot of
median predicted versus observed Gag harvest rates, with the 1:1 line (black) superimposed; and (C) comparison of the empirical
distribution of observed Gag harvest rate (black) to the distributions of S00 scans from the posterior predictive distribution (blue). Two
discrepancies between model fit and observed harvest rate in May and June of 2024 are an artifact of dividing total monthly harvest in

these out-of-season months by 1, resulting in an inflated harvest rate
3A), these values remain the same (~5,000 and 7,500 Ib [11b = 0.45

in these months. When converted to total monthly harvest (Figure
kg]), while all harvest rates in open months are multiplied by the

number of days open plus 1 (80,000-400,000 Ib). This causes the discrepancies to become substantially reduced in Figure 3A.

an artifact of dividing the total harvest in closed months
by 1. Consequently, the model did not fit well to these val-
ues because it treated these out-of-season records as noise.
Moreover, because these positive harvest values were insig-
nificant when estimating total monthly harvest instead of
the monthly harvest rate, these discrepancies were no longer
apparent with total harvest. Additionally, diagnostic scatter-
plots of median predicted versus observed Gag harvest rates
and comparisons of empirical distributions to posterior pre-
dictive distributions derived from model g, demonstrated
satisfactory model performance (Figure 1B, C).

Predictors of monthly Gag harvest rates

Gag temporal regulations, the season duration, the annual
trend, and seasonal harmonic terms all significantly explained
variation in mean (nonzero) recreational Gag harvest rates
(Table 4). Conditioned on a positive outcome and relative to
a closed season, months when Gag harvest was open to the

entire Florida Gulf coast (Fullg,,) resulted in higher harvest

rates, while months that were open only for the four-county
season (SpeciaIGag) resulted in lower harvest rates. The dura-
tion of the Gag season had a clear negative effect on harvest
rates such that the harvest rate was lower during longer Gag
seasons (Figure 2). The annual trend was positive and sig-
nificant, indicating that after other predictors were accounted
for, Gag harvest rates appeared to be increasing over time.
Notably, after accounting for the effects of other predictors,
past harvest did not significantly explain residual variation in
Gag harvest rates.

The hurdle parameter 0 was strongly and negatively
impacted by whether Gag were open to harvest (either in the
four-county region or across the Gulf coast of Florida). When
the season was completely closed to Gag harvest, the probabil-
ity of observing zero Gag harvested in a given month was 0.90
(80% CI=0.84-0.95). However, this probability decreased to
nearly zero when Gag were open to harvest. Meanwhile, both
sinusoidal harmonic terms significantly influenced 62, suggest-
ing that model uncertainty varied seasonally.
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Table 4. Posterior summary statistics (median and 80% Cls) for
coefficient estimates for predictors in the mean (u), hurdle (6), and
variance (6?) components of the best-fitting Gag harvest model
(g,)- Coeflicient terms with asterisks denote 80% Cls that
excluded zero. Abbreviations for predictors are defined in Table 1.

Predictor
Component (coefficient) 10% 50% 90%
M Closed,* (B,) 828  9.64 1092
Specialg,,* (B,) —1.85 —1.31 —0.62
Full,,* (B,) 0.5 0.84 124
Seasong,,” (B;) -0.64  —0.53 —-0.39
In Past (f3,) —0.09 0.04 0.18
sin;,* (Bs) 0.1 0.37 0.6
sing* (B4) -085  —0.64 —0.47
cos,, (B,) —0.14 0.08 0.28
cosg* (By) —038 —023  —0.06
Year* (B,) 0.05 0.08 0.11
Daysys (Byo) —013 0.8 0.48
0 () 164 223 291
Openg,,* (M) -10.5 —7.89 —6.16
o —*(po) 1419 1447 14.78
sin,,* (p,) ~148 -111  —074
sing* (p,) -2.1 —1.65 -1.16
cos;,* (ps) -1.05 —06 -0.1
cos, (py) 037 —0.02 0.33
30000-
>
< 20000
=
Iy
e
§
= 10000/
100 200 300

Season duration (days)

Figure 2. Conditional effects plot depicting the conditional
expectation of the Gag harvest rate (11b = 0.45 kg) as a function of
Gag season duration. Colored lines and bands denote median and
nominal 80% Bayesian conditional prediction intervals derived
from posterior predictive distributions, with all other coefficients
fixed at September 2024 values (i.e., the final month in the data set
that was open to harvest).

Comparison to historical average harvest

Comparisons of monthly harvest estimates derived from the in-
sample fit of model g, with monthly harvest estimates derived
using the historical average harvest demonstrated the superior
performance of model g, (Figure 3). The R? value between the
model g, posterior predictive median estimates and observed
harvest was 0.75 (Figure 3C), compared to 0.54 using his-
torical average harvest (Figure 3D). In addition, the RMSE
between observed harvest and median estimates derived
from model g, was 79,000 Ib, compared to 105,000 Ib (i.e., a

25% improvement). Notably, for the years 2023 and 2024, the
RMSE from model g, was 57% lower (40,000 vs. 93,000 1b) and
92% lower (15,000vs. 188,000 Ib) than the RMSE from histori-
cal average harvest.

Cross validation

Cross validation suggested that our best-fitting model was
statistically robust and reliably predicted withheld values.
In addition, the model’s median estimates outperformed the
historical average harvest both for individual months and
for cumulative preseason projections. For 1-SAP CV, 83% of
withheld values were captured within 80% posterior predic-
tive intervals among all values (Figure 4). The average RMSE
between the median prediction using 1-SAP CV and with-
held values for individual months was 54,000 Ib, compared
to an average RMSE of 66,000 Ib when using predictions
derived from historical average harvest (i.e., an 18% decrease
in RMSE when switching from historical harvest to model g,;
Table 5).

For block CV, across all withheld blocks (years), 78% of
cumulative values were captured within the 80% posterior pre-
dictive interval (Figure 4). For block CV, the average RMSE
between the model’s median prediction for cumulative harvest
and withheld values was 98,000 Ib (Table S). In contrast, the
average RMSE between cumulative estimates using histori-
cal average harvest and observed harvest was 144,000 Ib (i.e.,
a 32% average decrease in RMSE when shifting from current
methods to model g,). Notably, for each month, the average
RMSE of cumulative estimates was consistently equal to or
lower than the corresponding RMSE from average values esti-
mated using historical average harvest.

Projections

Our simulations indicated that the hypothetical 2025 Gag ACT
0£ 233,000 Ib would likely be exceeded within approximately
12 d, with an 80% CI ranging from less than 1 to 21 d (Figure
SA). In contrast, a projection using average historical harvests
would have resulted in a 29-d season. Simulations indicated a
20% probability of exceeding the ACT even with a 1-d season,
reflecting the substantial uncertainty in harvest rate estimates
during extremely short seasons (Figure SB). Meanwhile, the
probability that harvest would exceed the ACT approached
100% after 39 d. Simulations indicated that the ACT would be
exceeded by 1,800 Ib on day 13 (1 d after the median projec-
tion), 58,000 Ib on day 20 (the upper 80% confidence level),
and 223,000 Ib on day 39.

DISCUSSION

Effective management of recreational fisheries relies on accu-
rate forecasting of future harvests. In this study, we devel-
oped models to improve the prediction of Gag harvests for
both preseason and in-season management. Our results dem-
onstrated that the best-fitting model enhanced forecasting
accuracy, reducing cumulative preseason projection errors by
an average of over 32% and in-season errors by almost 20%
compared to currently used methods across all years. More
recently, comparisons of observed harvest to estimates using
in-sample model fits and historical harvest indicated that
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Figure 3. Comparison of in-sample predictive performance between monthly Gag total harvest estimates (1 1b = 0.45 kg) derived from
model g, and historical average harvest. (A) Observed (black) and expected (blue) monthly Gag harvests using model g, are shown. Total
monthly harvest is taken as the product of the monthly harvest rate and the number of days for which the month was open to harvest plus
1. Bands denote upper and lower 80% posterior predictive intervals. Points shaded black denote observations. (B) Observed (black) and
expected (red) monthly Gag harvests using historical average harvest are depicted. (C) Scatterplot of median predicted versus observed
Gag harvest using model g, is shown, with the 1:1 line (black) superimposed. (D) Scatterplot of median predicted versus observed Gag
harvest using historical average harvest is shown, with the 1:1 line superimposed.

historical harvest estimates substantially underestimated
the observed values in 2023 and 2024 by 57% and 92%,
respectively, suggesting that our statistical models are par-
ticularly better suited to predicting harvest following rapid
restrictions of recreational seasons. Therefore, the ability of
this framework to account for angler behavioral responses to
reductions in season duration represents a notable improve-
ment in management outcomes. These findings complement
previous work highlighting the potential of statistical model-
ing approaches in setting initial season durations and moni-
toring harvest as the season progresses (Carter et al., 2015;
Compaire et al., 2024; Farmer & Froeschke, 2015; Farmer
etal.,, 2020; Hanson et al., 2006).

A second improvement of the proposed framework is its
ability to explicitly quantify the probability of exceeding
the harvest quota for any given season duration. As more
information becomes available over time, the predictive
performance of this framework and similar approaches is
expected to improve, further increasing its value for fisher-
ies management.

Predictors of Gag harvest

Our results yielded insights into potential drivers of Gag har-
vest. Gag temporal regulations, seasonal terms, and an annual
trend all significantly explained variation in Gag harvest rates,
whereas past harvest, Red Snapper management regulations,
the number of GRFA/SRFA license holders, fuel, and the
fraction of unfishable days in a month did not. The significant
influence of Gag temporal regulations on Gag harvest is unsur-
prising, as the choice to target a given fish species is dependent
on whether that species is legally permitted to be harvested.
Moreover, Gag harvest rates were generally much higher when
the season was open to all Florida counties along the Gulf than
when the season was only open for the four-county minia-
ture season in Franklin, Wakulla, Jefferson, and Taylor coun-
ties. This was expected, as the underlying population of these
four counties—and, by extension, the population of licensed
anglers—is a small fraction of all Florida counties along the
Gulf. Furthermore, the significant influences of two out of the
four harmonic terms in our model were consistent with expec-
tations and previous work, as both recreational angler and Gag
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Figure 4. Individual monthly and cumulative cross-validation results for the best-fitting model of Gag harvest (g,). Model posterior
predictive intervals for each year are derived from refitted versions of model g, on truncated data sets with that year withheld (i.e., out of
sample). Black points denote observed harvest, the red line denotes the expected Gag harvest, and the bands denote upper and lower 80%
posterior predictive intervals. Left panels show individual monthly values estimated using one-step-ahead performance cross validation.
Right panels depict cumulative preseason values estimated using block cross validation. Note that each y-axis is plot-specific; 11b =

0.45 kg

Table 5. Comparisons of average root mean square error (1b)
between individual and cumulative monthly Gag harvest values
(11b =0.45 kg) across all years from our best-fitting model using
block cross validation (Block) or one-step-ahead performance
cross validation (1-SAP) and historical harvest (Historic). Values
are rounded to the nearest thousand pounds.

Individual Cumulative
Month 1-SAP Historic Block Historic
Jan 0 0 0 0
Feb 0 0 0 0
Mar 0 0 0 0
Apr 51,000 55,000 52,000 55,000
May 41,000 45,000 76,000 81,000
Jun 60,000 58,000 98,000 116,000
Jul 98,000 150,000 131,000 185,000
Aug 28,600 55,000 125,000 213,000
Sep 54,000 71,000 130,000 236,000
Oct 96,000 110,000 125,000 240,000
Nov 136,000 142,000 205,000 287,000
Dec 86,000 102,000 236,000 315,000
Average 54,000 66,000 98,000 144,000

behavior vary seasonally (Compaire et al., 2024; Farmer &
Froeschke, 2015; Hyman et al., 2024, 2025; Lowerre-Barbieri
et al.,, 2020). Finally, the significant and positive annual trend
may be related to increases in gear efficiency and changes in
fishing effort directed at this species (e.g., Detmer et al., 2020;
Marchal et al., 2007; Selgrath et al., 2018).

Akey finding of this study is the pronounced effort compres-
sion observed in the Gulf Gag recreational fishery. Whereas
previous research did not identify a relationship between
Gag season duration and recreational reef fishing effort (e.g.,
Hyman et al., 2024), our model revealed a strongly negative
effect on Gag harvest rates, which increased nonlinearly as sea-
son duration decreased. As noted by Hyman et al. (2024), a
lack of contrast in season duration previously may have lim-
ited the detection of this effect. The recreational Gag fishing
seasons have only recently been significantly shortened, with
the 2023 and 2024 seasons being the shortest on record. This
is supported by our block CV results: When 2024 data were
included in model training, the model accurately predicted
effort compression and correctly estimated the withheld Gag
harvest rates for 2023 (Figure 4). However, when 2024 data
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Figure 5. Season duration projections for a 2025 Gag season given a hypothetical annual catch target (ACT). (A) Counterfactual plot
depicting the total harvest of Gag as a function of season duration for seasons ranging from 1 to 121 d is shown. The black line denotes
the median total harvest estimate (1 1b = 0.4S kg) for each season duration, while the gray band denotes the 80% CI. The red dashed line
denotes a hypothetical 2025 ACT of 233,000 Ib. (B) Plot depicting the probability that the hypothetical ACT would be exceeded for each

possible season duration is presented.

were excluded from the training data set, the model underesti-
mated harvest rates for 2024, suggesting that the compression
effect was underrepresented. Although similar effort compres-
sion in response to shortened seasons has been documented for
Gulf Red Snapper (e.g., Farmer et al., 2020; Powers & Anson,
2016, 2018; Topping et al., 2019), this study provides the first
evidence of such effects in another important Gulf fishery.
Given these findings, we recommend assessing harvest data
for other vulnerable and highly targeted species with recently
shortened seasons for evidence of effort compression, thus pro-
viding the ability to better manage harvest quotas and mini-
mize overfishing risks.

Somewhat surprisingly, several predictors that were hypoth-
esized to influence Gag harvest rates had no discernible effect.
First, after we accounted for other predictors, past monthly
harvest averages did not significantly predict future Gag har-
vest. Historical harvest data integrate influences such as angler
effort, seasonal patterns, and Gag abundance or availability.
However, since many of these factors were explicitly addressed
through other predictors in our model, the lack of significance
suggests that the information captured by past harvest aver-
ages may already have been explained, rendering it redundant

as a standalone variable. Similarly, we did not observe a posi-
tive relationship between Gag harvest rates and Red Snapper
temporal regulations despite prior studies suggesting such an
effect (Hyman etal., 2025). A possible explanation for this dis-
crepancy lies in the difference in spatial scale: Whereas previ-
ous research divided Florida’s Gulf coast into multiple regions,
our study aggregated data from the entire Florida Gulf coast to
align with the management approach for the Gulf Gag stock.
Since the impact of Red Snapper temporal regulations in ear-
lier studies was region specific, it is likely that aggregating the
regions in our analysis obscured this effect.

Predictive performance
Despite utilizing relatively few predictors, our model represents
asignificant improvement in predictive performance compared
to current methods. Cumulative projections of Gag harvest,
which are valuable for setting season durations before the sea-
son has started, were on average 32% more accurate than current
methods (mean difference in RMSE of 46,000 Ib). Given that
the accuracy of future cumulative harvest estimates at the end
of the season is crucial for accurately projecting season closure
dates (e.g., Farmer et al., 2020), our modeling framework offers
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significant advantages for determining Gag season durations.
Future Gag seasons are expected to be more variable than those
observed in the past decade due to the current rebuilding plan.
As our model appears particularly more accurate than currently
employed methods when seasons are highly restricted, it may
be especially useful when stock size is low. Moreover, as season
durations become more variable, the model’s predictive capacity
will improve, benefiting from increased predictor contrast—an
advantage not shared by historically used prediction methods.
Monthly harvest predictions from the 1-SAP CV model also
demonstrated significantly greater accuracy compared to the
current methodology. This advancement holds critical implica-
tions for in-season management, during which reporting delays,
at present, often exceed 45 d (Carter et al., 2015; MRIP, 2023).
Improved forecasting and nowcasting of harvest levels enable
managers to refine projections of when seasonal quotas will be
reached, thereby minimizing the risk of quota overages and the
associated penalties to future allocations.

One of the most significant advantages of the proposed
framework over current methods is its ability to explicitly
quantify the risk associated with management action. As dem-
onstrated in our 2025 simulation, this approach facilitates the
estimation of both the probability of exceeding a specified
harvest quota and the expected magnitude of any overage for
each potential season duration. This risk-duration trade-off
provides managers with a valuable tool to balance the benefits
of longer seasons against the potential costs to stock health.
Such precautionary, probabilistic approaches are particularly
critical when managing vulnerable stocks with low biomass, for
which mismanagement canresult in severe consequences, such
as forced season closures in subsequent years or even stock col-
lapse (Shertzer et al., 2010; Wilberg et al., 2019).

Future work

While our modeling approach improves upon existing meth-
odologies, future applications could enhance it in several key
ways. First, our framework did not account for the observa-
tion error that is inherent in the monthly estimates of Gag
harvest. Although an earlier modeling attempt included
these errors, we were unable to achieve model convergence.
Incorporating observation error in future models could
improve inference on influential predictors and enhance the
accuracy of model predictions. Second, to simplify the mod-
eling framework, we aggregated for-hire (FHS) and private
recreational (SRFS) Gag harvest data into a single monthly
harvest rate estimate. This approach facilitated prediction,
but it may have constrained our ability to draw fleet-specific
inferences. Future efforts should consider fleet-specific mod-
eling strategies to identify fleet-specific drivers, particularly
as more SRES private recreational data become available.
Third, as mentioned in the Methods section, we excluded
the shore mode from our analyses due to its relatively small
contribution to Gag landings and the high uncertainty asso-
ciated with its estimates. However, NOAA SERO includes
shore mode in its monitoring of the recreational Gag quota,
alongside the for-hire and private modes (now represented
using SRFS). Therefore, future modeling efforts that incor-
porate all three modes may improve the accuracy of harvest

projections. Finally, the relatively small sample size of our
data set may have limited the detection of effects from influ-
ential predictors, such as fuel prices or numbers of reef fish
licenses. Consequently, as more data become available, sta-
tistically subtle influences of these variables may become
more discernible. However, both fuel prices and license
numbers are influenced by dynamic economic conditions
and regulatory changes to reef fisheries, making them difhi-
cult to project with confidence. This complicates their utility
in forecasting future harvest, as doing so would require reli-
able predictions of these covariates themselves. Nonetheless,
including such variables in future models may still be valu-
able—not necessarily for their direct predictive power but
because their inclusion could help to account for variance
or interactions with other covariates that are more reliably
forecasted. This could, in turn, improve overall model perfor-
mance. We therefore recommend applying similar modeling
frameworks to larger data sets or expanded predictor sets to
improve accuracy and more robustly assess the relationships
between harvest rates and explanatory variables.

SUPPLEMENTARY MATERIAL

Supplementary material is available at North American Journal
of Fisheries Management online.

DATA AVAILABILITY

All data and code will be made available upon request.

ETHICS STATEMENT

This research did not involve laboratory experiments or direct
handling of live animals. All data used in this study were
obtained through publicly available data sets.

FUNDING

Support for this work was provided in part by the Ocean
Conservancy (grant number 2500189000), the Fish and
Wildlife Research Institute, and the University of South
Florida.

CONFLICTS OF INTEREST

No conflict of interest is declared.

ACKNOWLEDGMENTS

We thank M. Larkin and A. Gray (NOAA SERO) for guidance
on current methodology used to predict recreational Gag sea-
sons to ensure that our depiction was accurate. Constructive
input by M. Drexler regarding the application of this work
enhanced the overall discussion, and the paper is stronger as
a consequence. This manuscript is a contribution from the
Quantitative Fisheries Assessment Workgroup, a collaborative
effort between the University of South Florida and the Florida
Fish and Wildlife Research Institute.

9z0z Aenige Gz uo 1senb Aq gz /L ¥8/222/L/9%/e1o1Me/wileu/woo dno-ojwepeoe//:sdiy wolj papeojumoqg


http://academic.oup.com/najfm/article-lookup/doi/10.1093/najfmt/vqaf100%23supplementary-data

North American Journal of Fisheries Management, 2026, Vol. 46,No.1 « 23§

REFERENCES

Abbott, J. K., Lloyd-Smith, P., Willard, D., & Adamowicz, W. (2018).
Status-quo management of marine recreational fisheries under-
mines angler welfare. Proceedings of the National Academy of
Sciences of the United States of America, 115, 8948-8953. https://
doi.org/10.1073/pnas.1809549115

Carruthers, T. R., Punt, A. E., Walters, C. J., MacCall, A, McAllister,
M.K., Dick, E.]., & Cope,]J. (2014). Evaluating methods for setting
catchlimitsin data-limited fisheries. Fisheries Research, 153,48 -68.
https://doi.org/10.1016/j.fishres.2013.12.014

Carter, D. W., Crosson, S., & Liese, C. (2015). Nowecasting intrasea-
sonal recreational fishing harvest with internet search volume.
PLoS One, 10, Article e0137752. https://doi.org/10.1371/journal.
pone.0137752

Chen, D., Rojas, M., Samset, B., Cobb, K., Niang, A. D., Edwards, P.,
Emori, S., Faria, S., Hawkins, P. H. E., Huybrechts, P., Meinshausen,
M., Mustafa, S., Plattner, G.-K., & Tréguier, A.-M. (2021). Framing,
context, and methods. In V. Masson-Delmotte, P. Zhai, A. Pirani, S.
L. Connors, C.Péan, S. Berger, N. Caud, Y. Chen, L. Goldfarb, M.I.
Gomis, M. Huang, K. Leitzell, E. Lonnoy, J.B.R. Matthews, T.K.
Maycock, T. Waterfield, O. Yelek¢i, R. Yu & B.Zhou (Eds.), Climate
change 2021: The physical science basis: Contribution of Working
Group I to the sixth assessment report of the Intergovernmental Panel
on Climate Change (pp. 146-286). Cambridge University Press.

Compaire, J. C., Acha, E. M., Moreira, D., & Simionato, C. G. (2024).
Time series modeling of coastal fishery landings on the southwest-
ern Atlantic shelf: Influence of environmental drivers. Fisheries
Oceanography, 33, Article e12688. https://doi.org/10.1111/
fog.12688

Cowan,J.H. (2011). Red Snapper in the Gulf of Mexico and U.S. South
Atlantic: Data, doubt, and debate. Fisheries, 36, 319-331. https://
doi.org/10.1080/03632415.2011.589318

Cowan, J. H., Grimes, C. B., Patterson, W. F., Walters, C. J., Jones, A.
C., Lindberg, W. J., Sheehy, D. J., Pine, W. E., III, Powers, J. E.,
Campbell, M. D., Lindeman, K. C., Diamond, S. L., Hilborn,
R., Gibson, H. T., & Rose, K. A. (2011). Red Snapper manage-
ment in the Gulf of Mexico: Science- or faith-based? Reviews in
Fish Biology and Fisheries, 21, 187-204. https://doi.org/10.1007/
s11160-010-9165-7

Cross, T. A., Shea, C.P., & Sauls, B. (2020). A ratio-based method for cali-
brating GRFS and MRIP-FCAL estimates of total landings (numbers
and pounds of fish), and releases (numbers of fish) (SEDAR72-WP-04).
Southeast Data, Assessment, and Review.

Detmer, T. M., Broadway, K. J., Parkos, J. J., III, Diana, M. J., & Wahl,
D. H. (2020). Fishing efficiency of competitive Largemouth Bass
tournament anglers has increased since early 21st century. Fisheries
Management and Ecology, 27, 540-543. https://doi.org/10.1111/
fme.12448

Farmer, N. A., & Froeschke, J. T. (2015). Forecasting for recreational
fisheries management: What’s the catch? North American Journal of
Fisheries Management, 35, 720-735. https://doi.org/10.1080/0275
5947.2015.1044628

Farmer, N. A., Froeschke, J. T., & Records, D. L. (2020). Forecasting
for recreational fisheries management: A derby fishery case study
with Gulf of Mexico Red Snapper. ICES Journal of Marine Science:
Journal du Conseil, 77, 2265-2284. https://doi.org/10.2989/18142
32X.2012.709959

Gelman, A., Lee, D., & Guo, J. (2015). Stan: A probabilistic program-
ming language for Bayesian inference and optimization. Journal
of Educational and Behavioral Statistics: A Quarterly Publication
Sponsored by the American Educational Research Association and
the American Statistical Association, 40, 530-543. https://doi.
org/10.3102/1076998615606113

Griss, A., Thorson, J. T., Sagarese, S. R., Babcock, E. A., Karnauskas,
M., Walter, J. F., III, & Drexler, M. (2017). Ontogenetic spa-
tial distributions of Red Grouper (Epinephelus morio) and Gag
Grouper (Mycteroperca microlepis) in the U.S. Gulf of Mexico.
Fisheries Research, 193, 129-142. https://doi.org/10.1016/j.
fishres.2017.04.006

Gulf of Mexico Fishery Management Council. (2023). Amendment 56:
Modifications to catch limits, sector allocation, and recreational fish-
ing seasons for Gulf of Mexico Gag. https://www.fisheries.noaa.gov/
action/amendment-56-modifications-catch-limits-sector-alloca-
tion-and-recreational-fishing-seasons

Hanson, P.]., Vaughan, D. S., & Narayan, S. (2006). Forecasting annual
harvests of Atlantic and Gulf menhaden. North American Journal
of Fisheries Management, 26, 753-764. https://doi.org/10.1577/
M04-096.1

Heyman, W. D,, Griiss, A., Biggs, C. R., Kobara, S., Farmer, N. A,
Karnauskas, M., Lowerre-Barbieri, S., & Erisman, B. (2019).
Cooperative monitoring, assessment, and management of fish
spawning aggregations and associated fisheries in the U.S.
Gulf of Mexico. Marine Policy, 109, Article 103689. https://doi.
org/10.1016/j.marpol.2019.103689

Holmes, E. E., Smitha, B. R., Nimit, K., Maity, S., Checkley, D. M., Jr.,
Wells, M. L., & Trainer, V. L. (2021). Improving landings forecasts
using environmental covariates: A case study on the Indian Oil
Sardine (Sardinella longiceps). Fisheries Oceanography, 30, 623-642.
https://doi.org/10.1111/fog.12541

Hyman, A. C., Chagaris, D., Drexler, M., & Frazer, T. K. (2024).
Modeling effort in a multispecies recreational fishery; influence
of species-specific temporal closures, relative abundance, and sea-
sonality on monthly angler-trips. Fisheries Research, 279, Article
107136. https://doi.org/10.1016/j.fishres.2024.107136

Hyman, A. C., Chagaris, D., & Frazer, T. K. (2025). Influence of tem-
poral regulations on harvest and discards in the recreational Gulf
of Mexico Gag (Mycteroperca microlepis) fishery. Fisheries Research,
285, Article 107332. https://doi.org/10.1016/j.fishres.2025.107332

Kruschke, J. K. (2021). Bayesian analysis reporting guidelines.
Nature Human Behaviour, S, 1282-1291. https://doi.org/10.1038/
$41562-021-01177-7

Lowerre-Barbieri, S., Menendez, H., Bickford, J., Switzer, T. S., Barbieri,
L., & Koenig, C. (2020). Testing assumptions about sex change and
spatial management in the protogynous Gag Grouper, Mycteroperca
microlepis. Marine Ecology Progress Series, 639,199-214. https://doi.
org/10.3354/meps13273

Marchal, P., Andersen, B., Caillart, B., Eigaard, O., Guyader, O,
Hovgaard, H., Iriondo, A., Le Fur, F., Sacchi, J., & Santurtin, M.
(2007). Impact of technological creep on fishing effort and fishing
mortality, for a selection of European fleets. ICES Journal of Marine
Science: Journal du Conseil, 64, 192-209. https://doi.org/10.1093/
icesjms/fs1014

Marine Recreational Information Program. (2023). Marine Recreational
Information Program survey design and statistical methods for esti-
mation of recreational fisheries catch and effort. National Marine
Fisheries Service, Office of Science and Technology, Fisheries
Statistics Division.

Methot, R., Tromble, G., Lambert, D., & Greene, K. (2014).
Implementing a science-based system for preventing overfishing
and guiding sustainable fisheries in the United States. ICES Journal
of Marine Science: Journal du Conseil, 71, 183-194. https://doi.
org/10.1093/icesjms/fst119

Nagano, K., & Yamamura, O. (2023). Predicting catch of Giant Pacific
Octopus Enteroctopus dofleini in the Tsugaru Strait using a machine
learning approach. Fisheries Research, 261, Article 106622. https://
doi.org/10.1016/j.fishres.2023.106622

National Academies of Sciences, Engineering, and Medicine. (2021).
Data and management strategies for recreational fisheries with
annual catch limits. The National Academies Press. https://doi.
org/10.17226/26185

National Marine Fisheries Service. (2024). NOAA Fisheries announces
2024 Gag recreational season in federal waters of the Gulf of Mexico.
(Gulf of Mexico Fishery Bulletin FB24-045). https://www.fisher-
ies.noaa.gov/bulletin/noaa-fisheries-announces-2024-gag-recre-
ational-season-federal-waters-gulf-mexico

Powers, S. P., & Anson, K. (2016). Estimating recreational effort in
the Gulf of Mexico Red Snapper fishery using boat ramp cam-
eras: Reduction in federal season length does not proportionally

9z0z Aenige Gz uo 1senb Aq gz /L ¥8/222/L/9%/e1o1Me/wileu/woo dno-ojwepeoe//:sdiy wolj papeojumoqg


https://doi.org/10.1073/pnas.1809549115
https://doi.org/10.1073/pnas.1809549115
https://doi.org/10.1016/j.fishres.2013.12.014
https://doi.org/10.1371/journal.pone.0137752
https://doi.org/10.1371/journal.pone.0137752
https://doi.org/10.1111/fog.12688
https://doi.org/10.1111/fog.12688
https://doi.org/10.1080/03632415.2011.589318
https://doi.org/10.1080/03632415.2011.589318
https://doi.org/10.1007/s11160-010-9165-7
https://doi.org/10.1007/s11160-010-9165-7
https://doi.org/10.1111/fme.12448
https://doi.org/10.1111/fme.12448
https://doi.org/10.1080/02755947.2015.1044628
https://doi.org/10.1080/02755947.2015.1044628
https://doi.org/10.2989/1814232X.2012.709959
https://doi.org/10.2989/1814232X.2012.709959
https://doi.org/10.3102/1076998615606113
https://doi.org/10.3102/1076998615606113
https://doi.org/10.1016/j.fishres.2017.04.006
https://doi.org/10.1016/j.fishres.2017.04.006
https://www.fisheries.noaa.gov/action/amendment-56-modifications-catch-limits-sector-allocation-and-recreational-fishing-seasons
https://www.fisheries.noaa.gov/action/amendment-56-modifications-catch-limits-sector-allocation-and-recreational-fishing-seasons
https://www.fisheries.noaa.gov/action/amendment-56-modifications-catch-limits-sector-allocation-and-recreational-fishing-seasons
https://doi.org/10.1577/M04-096.1
https://doi.org/10.1577/M04-096.1
https://doi.org/10.1016/j.marpol.2019.103689
https://doi.org/10.1016/j.marpol.2019.103689
https://doi.org/10.1111/fog.12541
https://doi.org/10.1016/j.fishres.2024.107136
https://doi.org/10.1016/j.fishres.2025.107332
https://doi.org/10.1038/s41562-021-01177-7
https://doi.org/10.1038/s41562-021-01177-7
https://doi.org/10.3354/meps13273
https://doi.org/10.3354/meps13273
https://doi.org/10.1093/icesjms/fsl014
https://doi.org/10.1093/icesjms/fsl014
https://doi.org/10.1093/icesjms/fst119
https://doi.org/10.1093/icesjms/fst119
https://doi.org/10.1016/j.fishres.2023.106622
https://doi.org/10.1016/j.fishres.2023.106622
https://doi.org/10.17226/26185
https://doi.org/10.17226/26185
https://www.fisheries.noaa.gov/bulletin/noaa-fisheries-announces-2024-gag-recreational-season-federal-waters-gulf-mexico
https://www.fisheries.noaa.gov/bulletin/noaa-fisheries-announces-2024-gag-recreational-season-federal-waters-gulf-mexico
https://www.fisheries.noaa.gov/bulletin/noaa-fisheries-announces-2024-gag-recreational-season-federal-waters-gulf-mexico

236 -« Hymanetal

reduce catch. North American Journal of Fisheries Management, 36,
1156-1166. https://doi.org/10.1080/02755947.2016.1198284

Powers, S. P., & Anson, K. (2018). Compression and relaxation of fish-
ing effort in response to changes in length of fishing season for Red
Snapper (Lutjanus campechanus) in the northern Gulf of Mexico.
U.S. National Marine Fisheries Service Fishery Bulletin, 117,988-998.
https://doi.org/10.1080/00028487.2014.901249

Ramsay, C., Cross, T. A., Shea, C. P.,, & Sauls, B. (2024). A ratio-
based method for calibrating MRIP-SRES recreational fisheries esti-
mates for southeastern US Yellowtail Snapper (Ocyurus chrysurus)
(SEDAR96-WP-05). Southeast Data, Assessment, and Review.

R Core Team. (2024). R: A language and environment for statistical com-
puting. R Foundation for Statistical Computing. https://www.R-
project.org/

Selgrath, J. C., Gergel, S. E., & Vincent, A. C. (2018). Shifting gears:
Diversification, intensification, and effort increases in small-scale
fisheries (1950-2010). PLoS One, 13, Article e0190232. https://doi.
org/10.1371/journal.pone.0190232

Shertzer, K. W., Prager, M. H., & Williams, E. H. (2010). Probabilistic
approaches to setting acceptable biological catch and annual catch
targets for multiple years: Reconciling methodology with national
standards guidelines. Marine and Coastal Fisheries: Dynamics,
Management, and Ecosystem Science, 2, 451-458. https://doi.
org/10.1577/C10-014.1

Sivula, T., Magnusson, M., Matamoros, A. A., & Vehtari, A. (2020).
Uncertainty in Bayesian leave-one-out cross-validation based model
comparison. arXiv:2008.10296. https://doi.org/10.48550/
arXiv.2008.10296, preprint: not peer reviewed.

Southeast Data, Assessment, and Review. (2021). SEDAR 72 stock
assessment report: Gulf of Mexico Gag Grouper. https://sedarweb.
org/assessments/sedar-72/

Southeast Fisheries Science Center. (2023). Interim analysis for Gulf of
Mexico Gag Grouper. National Marine Fisheries Service.

Sparks, A. H., Hengl, T., & Nelson, A. (2017). GSODR: Global sum-
mary daily weather data in R. Journal of Open Source Software, 2,
Article 177. https://doi.org/10.21105/joss.00177

Topping, T. S., Streich, M. K., Fisher, M. R., & Stunz, G. W. (2019). A
comparison of private recreational fishing harvest and effort for Gulf
of Mexico Red Snapper during derby and extended federal seasons
and implications for future management. North American Journal
of Fisheries Management, 39, 1311-1320. https://doi.org/10.1002/
nafm.10368

Trudeau, A., Bochenek, E. A, Golden, A. S., Melnychuk, M. C.,
Zemeckis, D. R., & Jensen, O. P. (2022). Lower possession lim-
its and shorter seasons directly reduce for-hire fishing effort in
a multispecies marine recreational fishery. Canadian Journal
of Fisheries and Aquatic Sciences: Journal Canadien des Sciences
Halieutiques et Aquatiques, 79,1211-1224. https://doi.org/10.1139/
cjfas-2021-0137

U.S. Office of the Federal Register. (2025). Fisheries of the Caribbean
Gulf of America and south Atlantic. Code of Federal Regulations, title
50, part 622.U.S. Government Printing Office.

vande Schoot, R., Depaoli, S., King, R., Kramer, B., Mrtens, K., Tadesse,
M. G., Vannucci, M., Gelman, A., Veen, D., Willemsen, J., & Yau, C.
(2021). Bayesian statistics and modelling. Nature Reviews: Methods
Primers, 1, Article 1. https://doi.org/10.1038/s43586-020-00001-2

Vehtari, A., Gabry,J., Magnusson, M., Yao, Y., Birkner, P.-C., Paananen,
T., & Gelman, A. (2022). loo: Efficient leave-one-out cross-validation
and WAIC for Bayesian models (R package version 2.5.1) [Computer
software]. https://mc-stan.org/loo/

Vehtari, A., Gelman, A., & Gabry, J. (2017). Practical Bayesian model
evaluation using leave-one-out cross-validation and WAIC.
Statistics and Computing, 27, 1413-1432. https://doi.org/10.1007/
s11222-016-9696-4

Wickham, H. (2016). Ggplot2: Elegant graphics for data analysis.
Springer-Verlag. https://ggplot2.tidyverse.org

Wilberg, M. J., Woodward, R. T., Huang, P., & Tomberlin, D. (2019).
Developing precautionary reference points for fishery management
using robust control theory: Application to the Chesapeake Bay
Blue Crab Callinectes sapidus fishery. Marine and Coastal Fisheries:
Dynamics, Management, and Ecosystem Science, 11,177-188. https://
doi.org/10.1002/mcf2.10069

9z0z Aenige Gz uo 1senb Aq gz /L ¥8/222/L/9%/e1o1Me/wileu/woo dno-ojwepeoe//:sdiy wolj papeojumoqg


https://doi.org/10.1080/02755947.2016.1198284
https://doi.org/10.1080/00028487.2014.901249
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.1371/journal.pone.0190232
https://doi.org/10.1371/journal.pone.0190232
https://doi.org/10.1577/C10-014.1
https://doi.org/10.1577/C10-014.1
https://doi.org/10.48550/arXiv.2008.10296
https://doi.org/10.48550/arXiv.2008.10296
https://sedarweb.org/assessments/sedar-72/
https://sedarweb.org/assessments/sedar-72/
https://doi.org/10.21105/joss.00177
https://doi.org/10.1002/nafm.10368
https://doi.org/10.1002/nafm.10368
https://doi.org/10.1139/cjfas-2021-0137
https://doi.org/10.1139/cjfas-2021-0137
https://doi.org/10.1038/s43586-020-00001-2
https://mc-stan.org/loo/
https://doi.org/10.1007/s11222-016-9696-4
https://doi.org/10.1007/s11222-016-9696-4
https://ggplot2.tidyverse.org
https://doi.org/10.1002/mcf2.10069
https://doi.org/10.1002/mcf2.10069

	﻿﻿﻿﻿﻿﻿﻿﻿﻿﻿﻿﻿﻿﻿﻿Leveraging statistical models to improve preseason forecasting and in-season management of a recreational fisher﻿y﻿﻿

	﻿﻿Data source﻿﻿s﻿

	﻿﻿﻿Predictors considere﻿d﻿

	﻿﻿﻿Analysi﻿s﻿

	﻿﻿﻿Model selectio﻿n﻿

	﻿﻿﻿Cross validatio﻿n﻿

	﻿﻿﻿Comparison to current method﻿s﻿

	﻿﻿﻿2025 ﻿﻿projectio﻿n﻿

	﻿﻿Model selection and diagnostic﻿s﻿

	﻿﻿﻿﻿Predictors of monthly Gag harvest rate﻿s﻿

	﻿﻿﻿Comparison to historical average harves﻿t﻿

	﻿﻿﻿Cross validatio﻿n﻿

	﻿﻿﻿Projection﻿s﻿

	﻿﻿﻿﻿﻿DISCUSSIO﻿N﻿

	﻿﻿Predictors of Gag harves﻿t﻿

	﻿﻿﻿Predictive performanc﻿e﻿

	﻿﻿﻿Future wor﻿k﻿


	﻿﻿﻿﻿SUPPLEMENTARY MATERIA﻿﻿L﻿

	﻿﻿﻿DATA AVAILABILIT﻿Y﻿

	﻿﻿﻿ETHICS STATEMEN﻿T﻿

	﻿﻿﻿﻿﻿FUNDIN﻿G﻿

	﻿﻿﻿CONFLICTS OF INTEREST﻿﻿

	﻿﻿﻿ACKNOWLEDGMENT﻿S﻿





