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Abstract. Northwestern South America (NWSA), a region critically important for monitoring coastal El Niño and La Niña

events, receives its maximum cumulative precipitation in February-March. Thermodynamic indices alone, often fail to explain5

observed precipitation anomalies because they neglect the influence of large-scale environmental dynamics. To bridge this

gap, a low-frequency climate index called Buoyancy Work Rate (BWR) is proposed, which quantifies the rate of conversion

from potential to kinetic energy by coupling local thermodynamic instability with vertical motion (ω) forced by large-scale

dynamics. The BWR is calculated by vertically integrating the product of parcel buoyancy (∆T ) and ω from the surface to the

100 hPa level. Statistical evaluation between 1981 and 2024 demonstrates that BWR outperforms established indices in spatial10

correlation, RMSE, and F1-scores, particularly for extreme precipitation events. Physically, the index explains how variations

in vertical motion profiles modulate precipitation outcomes across events with similar instability, effectively explaining the

contrasting impacts of the 2016, 2017, and 2023 El Niño events. Furthermore, since BWR capture primarily on large-scale

vertical motions, which typically exhibit higher predictability in climate models than vertical humidity profiles, the BWR

emerges as a robust candidate for future forecasting applications.15

1 Introduction

The El Niño-Southern Oscillation (ENSO) is one of the main drivers of global climate variability, altering weather patterns

worldwide through its irregular oscillation between El Niño, La Niña, and neutral phases (McPhaden et al., 2006; Wang et al.,

2016). Northwest South America (NWSA) is a region of critical scientific importance for monitoring these events, particularly

coastal El Niño events, while also being exceptionally vulnerable to their hydroclimatic and socioeconomic impacts (Callahan20

and Mankin, 2023; Poveda et al., 2025).

Although sea surface temperature (SST) in the Niño 1+2 region has a known critical threshold that can trigger deep convec-

tion (Takahashi and Martínez, 2017; Takahashi et al., 2018), SST alone has proven to be an insufficient predictor of precipitation

(Sulca and Takahashi, 2025). In fact, studies have shown that above a certain SST threshold (approximately 28 °C), the rela-

tionship between temperature and convection breaks down, and convection becomes more strongly controlled by large-scale25

vertical motions (Lau et al., 1997; Bony et al., 1997).

Estimating precipitation anomalies remains a significant challenge, as it requires understanding deep moist convection, the

process of vertical heat and moisture transport that drives tropical climates (Houze, 2004). This process is governed by a
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complex bidirectional interaction between local thermodynamic instability, which provides the potential energy for storms,

and large-scale atmospheric dynamics, which provides the necessary trigger to release that energy (Lau et al., 1997; Bony30

et al., 1997). For decades, the conventional metric for assessing this potential has been Convective Available Potential Energy

(CAPE), a purely thermodynamic index (Emanuel, 1994). However, CAPE has been shown to be a poor predictor of precipita-

tion in the tropics. Its fundamental limitation is that it quantifies potential instability without considering the dynamic forcing

(i.e., large-scale updrafts) required to initiate convection. This leads to a high rate of false positives: the simultaneous presence

of a finite CAPE and infrequent deep convection is a common state in the tropics, often attributed to convective inhibition (CIN)35

or large-scale dynamic subsidence (Williams and Renno, 1993; DeMott and Randall, 2004). Conversely, large-scale vertical

motion (ω) has been shown to be the main controlling factor, explaining 45-55% of the variance in tropical convection, much

more than local SST, which explains only 15-20% (Lau et al., 1997).

This disconnect between thermodynamic potential and realized convection is particularly evident in the complex ocean-

atmosphere interactions of the eastern Pacific. The 2017 and 2023 Coastal El Niño events produced extreme rainfall along the40

coast. However, the 2015-2016 global El Niño, despite its large magnitude in SST over the central Pacific, did not produce com-

parable severe precipitation impacts on the South American coast (Paek et al., 2017). This discrepancy underscores the critical

role of regional dynamics in modulating thermodynamic instability (Sulca et al., 2017; Sanabria et al., 2019). To rigorously

distinguish these regimes, Takahashi et al. (2011) proposed the orthogonal C and E indices, characterizing Central Pacific

(Modoki) and extreme Eastern Pacific warming, respectively. Complementing these, Sulca and Takahashi (2025) introduced45

the CPTICZ and EPTICZ atmospheric indices, which quantify the zonal and meridional displacements of the Intertropical

Convergence Zone (ITCZ), respectively, providing a more direct measure of the convective response to oceanic forcing.

Atmospheric dynamics, including processes such as low-level convergence, high-level divergence, and vertical transport,

are fundamental. These physical mechanisms occur on timescales of minutes to hours (high frequency) (Riehl, 1958; Zipser,

2003; Houze, 2004). Many indices that attempt to simplify these processes were developed to monitor deep convection at50

synoptic (daily) scales (Showalter, 1953; George, 2014; Gálvez, 2016). However, this study is interested in monthly averages

(low frequency) to isolate robust climate signals from the "noise" of daily meteorological fluctuations (Trenberth, 1997; Sobel

and Bretherton, 2000; Back and Bretherton, 2006). The average of daily conditions within a month reveals the dominant state

of the troposphere, whether favorable or unfavorable for the development of deep convection. Therefore, in this study, synoptic

indices were adapted for use at a climatic (monthly) scale, and a new climatic index was proposed that links thermodynamic55

potential with realized convection, which could be used to estimate monthly precipitation over the NWSA.

The main objective of this research was to develop, validate, and apply the Buoyancy Work Rate (BWR) index as a diagnostic

tool to explain and estimate monthly precipitation patterns in northwestern South America (NWSA). The BWR quantifies the

rate at which buoyancy potential energy is converted into updraft kinetic energy by vertically integrating the product of vertical

velocity (ω) and parcel buoyancy (∆T ). In doing so, the BWR goes beyond simply measuring potential and instead quantifies60

active, ongoing convection. This index was applied to analyze anomalous precipitation events from 1981 to 2024 across the

NWSA.
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To validate the performance of the Buoyancy Work Rate (BWR), it was compared with other indices tested in the NWSA.

For example, the CAPE index and the Galvez-Davison index (GDI) (Gálvez, 2016) were tested by Rivas Quispe et al. (2024),

and the asymmetric index (Ia) and the double ITCZ index (Id), proposed by Yu and Zhang (2018), were adapted and tested by65

Aliaga-Nestares et al. (2023). However, none of these indices explicitly considers vertical motion as a core component. The

GDI does not contain any explicit kinematic component, and the Ia and Id indices are based on precipitation anomalies, not

atmospheric dynamics. Therefore, the authors believe that the BWR index could be a valuable tool for explaining why some

precipitation events, which were assumed to be extreme based solely on local thermodynamics, ended up being neutralized by

large-scale subsidence in some important layer of the troposphere.70

2 Data

Monthly mean air temperature (Ta), relative humidity (RH), and zonal, meridional, and vertical wind components were ob-

tained from the ERA5 reanalysis dataset (Hersbach et al., 2020). These data were utilized for the period 1981-2024 across 27

vertical pressure levels ranging from 1000 to 100 hPa, with a spatial resolution of 0.25°. To validate the proposed climate index,

independent monthly precipitation datasets were employed: the RAIN4PE product (Fernandez-Palomino et al., 2022) for the75

1981-2015 period, and the PISCO product (Peruvian Interpolated Data of the SENAMHI’s Climatological and Hydrological

Observations) (Aybar et al., 2019) for the 1981-2024 period. It is important to note that the stable version of PISCO, which

incorporates both manual and automatic quality control (Aybar et al., 2019), is available only for the 1981-2016 period; conse-

quently, the unstable version, which undergoes only automatic quality control, was utilized for the 2017-2024 period. Due to

RAIN4PE only has data until 2015 and the uncertainty of PISCO increases from 2017 onwards, the monthly precipitation from80

ERA5 (Hersbach et al., 2020), which provides coverage over both land and ocean, was used to evaluate similarities among

the precipitation products, as a form of data triangulation to increase the credibility of precipitation anomaly behavior. Finally,

monthly sea surface temperature (SST) was also utilized to provide context for the identified rainiest and driest events.

3 Study Area

Two interest areas were defined, the NWSA (18.95°S-1.95°N, 81.95°W-67.05°W) and the NWSA adjacent to Niño 1+285

(81.25°W-78.5°W, 8°S-0.75°N) (Fig. A3). The Fig. 1 shows the precipitation climatology (1981-2015) from ERA5 averaged

over this second area. The climatology shows that February and March are the rainiest months of the year, this February-March

peak is a coupling window, where dynamic relaxation (trade winds) and thermodynamic instability (SST) come into phase

(Takahashi, 2004; Poveda et al., 2006; Adachi et al., 2018; Peng et al., 2024).

4 Identification and analysis of rainiest and driest events90

First, the driest and rainiest March events were identified by averaging precipitation over the NWSA region adjacent to Niño

1+2 (Fig. A3) and calculating the precipitation anomalies from the ERA5 dataset, using the 1981-2024 median as the clima-
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tological baseline. Two arbitrary thresholds were defined: -20 mm month−1 to detect the driest events and 60 mm month−1 to

detect the rainiest events.

Second, the vertical motion was analyzed through latitudinal and longitudinal cross-sections. The longitude of 80°W was95

identified as the core of vertical ascent; subsequently, from this cross-section, the latitude of 5°S was identified as the core of

vertical ascent over the NWSA adjacent to Niño 1+2. This analysis allowed for the identification of subsidence and convective

layers, as well as the specific levels at which convection was initiated and terminated.

5 Buoyancy Work Rate Calculation

The dew point temperature (Td) was calculated from the relative humidity using the equation proposed by Bolton (1980). Using100

the surface Td and air temperature (Ta) values, the temperature of the air parcel was computed. Subsequently, the difference

between the parcel temperature and the environmental air temperature profiles was determined, yielding the parcel buoyancy

(∆T ) for every grid point within the NWSA domain. Profile plots were then generated at the core of vertical ascent (5°S,

80°W), identified in Section 4. In these plots, the ∆T , vertical velocity (ω), and −ω∆T profiles were compared to identify

common characteristics associated with the driest and rainiest events.105

Then, the −ω∆T product was vertically integrated from the surface to 100 hPa with respect to the natural logarithm of

pressure (d lnP ), as shown in Eq. (1). Only positive areas were included in the integration because the focus was on the kinetic

energy required to trigger deep convection. The result of this integration is defined as the Buoyancy Work Rate (BWR) index.

Finally, plots were generated to analyze the spatial distribution of the BWR for the rainiest and driest events identified in

Section 4.110

BWR = −
100∫

sfc

ω∆T d lnP (1)

6 Evaluation of the BWR performance

To evaluate the performance of the Buoyancy Work Rate (BWR), comparisons were made with other indices previously tested

in the NWSA. Specifically, the Convective Available Potential Energy (CAPE) and the Gálvez-Davison Index (GDI) were

evaluated by Rivas Quispe et al. (2024), while the asymmetric index (Ia) and the double ITCZ index (Id) were assessed by115

Aliaga-Nestares et al. (2023). These indices were compared to the BWR by analyzing their similarity to monthly precipitation

products. To this end, the spatial distributions of the Pearson correlation coefficient, Root Mean Square Error (RMSE), and

F1-score were calculated between the anomalies of the spatial indices (CAPE, BWR, and GDI) and the anomalies of three

precipitation products (ERA5, PISCO, and RAIN4PE) across the NWSA for the common period of 1981-2015.
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The F1-score was computed for precipitation anomalies classified into three categories: values lower than -5 mm month−1,120

values greater than 5 mm month−1, and values greater than 60 mm month−1. The F1-score metric is defined as follows:

F1 = 2× P ×R

P +R

P =
TP

TP +FP

Re =
TP

TP +FN

(2)

where P denotes precision, Re denotes recall, TP represents true positives, FP represents false positives, and FN rep-

resents false negatives. Values closer to 1 indicate a high degree of similarity between a given climate index and monthly

precipitation.125

To evaluate the performance of the BWR over the NWSA region adjacent to Niño 1+2, the same climate indices were

utilized. However, in this analysis, both the indices and the precipitation products were averaged using only land pixels within

the domain defined by 81.25°W-78.5°W and 8°S-0.75°N (Fig. A3). Subsequently, scatterplots were generated, and the Pearson

correlation coefficient (R) and RMSE were calculated for the common period of 1981-2015. Additionally, time series plots

were constructed to analyze the temporal behavior of both the indices and the precipitation products.130

7 Results and Discussion

7.1 Identification and analysis of rainiest and driest events

Monthly precipitation anomalies for March are shown in Fig. 2. Based on the thresholds defined on the Section 4, the years

1983, 1987, 1992, 1998, 2002, 2017, and 2023 were identified as the rainiest events, whereas 1982, 1988, 1995, 2003, 2018,

and 2024 were classified as the driest. These observed extremes are associated with coastal El Niño and La Niña phases, as135

evidenced in Fig. A1. In this figure, positive Sea Surface Temperature (SST) anomalies in the Niño 1+2 region are exhib-

ited during the rainiest years, while negative anomalies are generally observed during the driest ones. An exception is noted

for March 2024, which was characterized by slightly cool to neutral conditions near the coast. Consequently, these specific

events were selected for further analysis. Additionally, the 2016 event was included in the study due to the prevailing El Niño

conditions in the Niño 1+2 region.140

7.2 Cross-section analysis in the NWSA adjacent to Niño 1+2

The rainiest events previously identified consistently exhibit air ascent around 80°W and 5°S in the middle to upper troposphere,

with the most intense ascent observed during the 1998 El Niño, followed by the 2017 coastal El Niño (Fig. 3k and Fig. 4k).

With the exception of the 2002 event, subsidence was observed in the planetary boundary layer (PBL) for all these events, a

barrier that the air parcel had to overcome to reach the level of free convection. Conversely, the driest events were characterized145

by weak ascent near the PBL and subsidence from the middle to upper troposphere around 80°W.
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Specifically, the 2016 event showed weak ascent near the PBL around 5°S (Fig. 3j) and around 80°W (Fig. 4j), but this was

accompanied by subsidence in the middle troposphere (Fig. 4j), which could have partially neutralized heavy rainfall. This

contrasts with the 2017 event, which produced rainfall in Piura, Tumbes, and Lambayeque comparable to the 1983 and 1998

events, and in many regions of northern Peru, historical records were even exceeded (Rodríguez-Morata et al., 2018; Thielen150

et al., 2023).

7.3 Precipitation spatial distribution in the NWSA

We analyzed the rainiest events (identified previously in the Section 4) and we identified positive anomalies in the NWSA

adjacent to Niño 1+2 (Fig. 5), however we can note different spatial patterns, e.g. we identified that when the northwestern

positive anomalies are distributed at least until the central coast, almost all the domain was stimulated by deep convection155

(Fig. 5b,g,h,k,m). Unlike the rest, the 1987, 1992 and 2016 events (Fig. 5c,e,j) were dominated by negative anomalies almost

entirely. These events are classified as Central Pacific (CP) or "Modoki" El Niño events, characterized by maximum Sea

Surface Temperature (SST) warming confined to the central equatorial Pacific (Niño 3.4) rather than the far eastern coast (Niño

1+2) (Takahashi et al., 2011). This configuration displaces the ascending branch of the Walker Circulation westward, forcing

a compensating branch of anomalous subsidence (sinking air) over the NWSA, which inhibits deep convection and rainfall160

despite the global El Niño conditions (Sulca et al., 2017; Paek et al., 2017).

Sulca et al. (2017) observed results consistent with the strong positive SST anomalies recorded in the central Pacific, which

contrasted with the weaker anomalies in the eastern Pacific during the 2016 event. During this period, the southward displace-

ment of the ITCZ was found to be limited. Although displacements were exhibited by the SPCZ, the "atmospheric bridge,"

which typically connects equatorial warming with the South American coast, was not firmly established (Sulca et al., 2017).165

The descending branch of the Walker Circulation (subsidence) did not shift sufficiently eastward to be replaced by the ascend-

ing branch over the South American coast. Instead, the ascending motion remained anchored to the warming of the Central

Pacific, leaving the coast under the influence of relatively stable and dry air compared to the conditions observed in 1998

(Paek et al., 2017). Furthermore, Sanabria et al. (2019) revealed that the 2016 El Niño exhibited an "out-of-phase" atmospheric

response where the ITCZ shifted northward and upper-level divergence did not align with the coastal domain, resulting in170

moisture deficits instead of the surplus observed during "Canonical" or Eastern Pacific events like 1983 or 1998.

The sudden SST warming off the coast of Peru in 2017, which reached approximately 29°C, was driven not by remote Kelvin

waves but by a localized relaxation of the trade winds forced by atmospheric teleconnections from the western Pacific (Rossby

waves) (Echevin et al., 2018). A specific "atmospheric trigger" was identified by Garreaud (2018), wherein deep convection

over Australia triggered a Rossby wave train that weakened the South Pacific High off the coasts of Chile and Peru, thereby175

facilitating warming in the Niño 1+2 region. The general mechanism is initiated by the generation of a Rossby wave train due

to deep convection in the western region of the SPCZ; this system shifts eastward, modulating precipitation regimes in South

America (Aguirre-Correa et al., 2025).

Conversely, the driest events were dominated almost entirely by negative anomalies (Fig. 5a,d,i,l), with the exception of

1995 and 2024 (Fig. 5f,n), where the negative anomalies only are confined over the NWSA adjacent to Niño 1+2.180
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A statistically significant correlation was found between monthly precipitation from ERA5 and PISCO (a), as well as

RAIN4PE (b), within the NWSA (Fig. 6). In both products, the highest values (R> 0.7) were observed adjacent to the Niño

1+2 region, specifically between Peru and Ecuador. However, a slightly greater magnitude was generally exhibited by the

RAIN4PE product compared to ERA5. This last is likely attributable to the fact that ERA5 is utilized as one of the input

datasets in the calculation of the RAIN4PE product (Fernandez-Palomino et al., 2022).185

7.4 Vertical structure analysis

Vertical profiles of ∆T , ω and −ω∆T at (80°W,5°S) for the rainiest and driest events identified in Section 4 are shown in the

Fig. 7. The rainiest events (identified in Section 4) were analyzed, with a focus placed on the positive area between the surface

and 100 hPa. The area bounded by the green curve and the 0°K temperature represents the Buoyancy Work Rate (BWR) index,

while the area formed by the red curve represents the CAPE between the Level of Free Convection (LFC) and the Equilibrium190

Level (EL). It is noted that the BWR can be greater or lower than the CAPE, depending on the ω profile.

A consistent pattern was observed across the rainiest events, characterized by a sustained ascending ω profile. This is consis-

tent with the air ascent at (80°W, 5°S) identified in Fig. 3 and Fig. 4, with the exception of 1992 and 2016; the latter exhibited

significant subsidence at mid-levels (blue line in Fig. 7j). Furthermore, the 1998 El Niño event exhibited the strongest BWR,

and the 2017 Coastal El Niño presented a stronger BWR than even the 1983 El Niño. Although the parcel buoyancy (∆T )195

values for 1983, 1998, and 2017 were similar, the primary differentiator was the large-scale ω. This indicates that the tropo-

sphere in March 1998 provided stronger forcing than in 1983, while March 2017 was forced similarly to 1998. Subsidence

was observed in the PBL for all these events. Despite the air parcel in March 1983 requiring less energy to overcome its CIN

than in 1998 to reach the level of free convection, the 1983 event produced a lower BWR due to weaker upward ω values. Fur-

thermore, all these rainiest events were accompanied by warm SST conditions (Fig. A1) in the Niño 1+2 region. Positive SST200

anomalies in this region define the Coastal El Niño and are critical for destabilizing the local atmosphere by neutralizing the

trade winds and enhancing lower-tropospheric moisture, thereby facilitating deep convection (Takahashi and Martínez, 2017;

Echevin et al., 2018).

Conversely, the driest events shared significant subsidence at mid-levels (i.e., ω > 0 around 600 hPa). This monthly-scale

subsidence could be originated from planetary circulations, such as the Walker Circulation, where a strengthened descending205

branch suppresses vertical motion over the region (Sulca, 2021). These results are consistent with Lau et al. (1997), who indi-

cated that large-scale vertical motions largely control tropical convection. In most of these driest events, cold SST conditions

were observed (Fig. A1) in the Niño 1+2 region. Negative SST anomalies enhance the stability of the coastal boundary layer

and strengthen the subsidence inversion, effectively inhibiting the development of deep convection (Takahashi, 2004; Rudloff

et al., 2025). Although the dynamics of the central Pacific were not analyzed herein, as in Sulca and Takahashi (2025), it is es-210

tablished that warming or cooling in that region affects the Walker Circulation, which can induce teleconnected monthly-scale

subsidence anomalies in the NWSA during the driest events (Takahashi and Dewitte, 2016; Sulca et al., 2017).
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7.5 BWR performance

The BWR anomalies calculated for the rainiest and driest events, identified in Section 4, are shown in Fig. 8. Positive BWR

values were observed along the coast between Peru and Ecuador during the rainiest events. This finding is consistent with the215

cross-section analysis, the distribution of precipitation anomalies, the vertical structure (Sections 7.2 to 7.4), and the SST in

the Niño 1+2 region (Fig. A1b,c,e,g,h,k,m).

The diversity of the rainiest events is evident. For instance, rainfall events were observed in the NWSA adjacent to Niño

1+2, where conditions favorable for deep convection activation were limited to the area between the northern coast of Peru and

Ecuador. Their spatial distribution patterns are similar to those of the precipitation anomalies (Figs. 5 and 8 c,e,j). Conversely,220

another group of rainiest events was identified in which favorable deep convection conditions extended across nearly the entire

Ecuadorian territory and parts of Colombia and Brazil, exhibiting distributions similar to the precipitation anomalies (Figs. 5

and 8 b,g,h,k).

Although the 2016 event was not identified as a rainiest event in Section 4, it was included in the analysis due to its association

with the 2015-2016 global El Niño, which is corroborated by the warming depicted in Fig. A1j. Neutral BWR values were225

observed along the coast between Peru and Ecuador for this event (Fig. 8j). These findings suggest that deep convection driven

by SST warming was suppressed by tropospheric dynamics and energetics. It was demonstrated by Sulca and Takahashi (2025)

that the simultaneous correlation between the C index (oceanic index in the central Pacific) and precipitation over the NWSA is

not significant during the rainy season. This suggests that remote SST variability in the central Pacific does not simultaneously

affect monthly precipitation patterns over this region, unlike the CPTICZ atmospheric index. Furthermore, it was shown by the230

same authors that the contribution of the atmospheric index EPTICZ was significantly greater than that of the E index (oceanic

index in the eastern Pacific), suggesting that atmospheric indices perform better than oceanic indices in predicting precipitation

in the NWSA adjacent to Niño 1+2.

Regarding dry events, negative BWR anomalies were observed along the coast and western highlands between Peru and

Ecuador. This is consistent with the cross-section analysis (Section 7.2), the vertical structure (Section 7.3), the distribution235

of precipitation anomalies (Section 7.4), and the SST in the Niño 1+2 region (Fig. A1 a,d,f,i,l,n). A diversity of dry events

was also observed. For example, dry events were noted in the NWSA adjacent to Niño 1+2, where unfavorable conditions for

deep convection activation were confined to the area between the northern coast of Peru and Ecuador (Fig. 8 a,f,l). However,

another group of dry events was identified where these unfavorable conditions extended across almost all of Ecuador and parts

of Colombia and Brazil (Fig. 8 d,i,n).240

The spatial distribution of the correlation between the anomalies of the convective indices and the monthly precipitation

anomalies is shown in Fig. 9. In general terms, it is observed that BWR and CAPE exhibit stronger correlations over the

NWSA adjacent to Niño 1+2. However, CAPE is not consistent over the entire domain, exhibiting numerous non-significant

correlation grid points and even negative relationships over the Amazon. This suggests that parcel buoyancy alone is not a

sufficient condition for estimating precipitation in this region. Significant correlations were shown by the GDI over the entire245

domain; however, these values (R≤ 0.7) were lower than those of BWR and CAPE adjacent to Niño 1+2. Similarly, Ia and
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Id were calculated (Fig. A2), showing the poorest performance with weak and non-significant correlations across almost the

entire domain.

The RMSE maps associated with those correlations are presented in Fig. 10. Generally, the lowest RMSE values were

observed along the coast, while the highest values were found in the NWSA adjacent to Niño 1+2, the eastern Andes, and250

the Northern Amazon. F1-score metric values for precipitation anomalies lower than -5 mm month−1, greater than 5 mm

month−1, and greater than 60 mm month−1 are shown in Figs. 11-13. Overall, the spatial performance is very similar to that

previously observed in Figs. 9-10, with the distinction that a slightly better performance was exhibited by the BWR for the

NWSA adjacent to Niño 1+2, particularly for extreme precipitation anomaly events greater than 60 mm month−1.

The area exhibiting the best performance in the evaluated metrics was the NWSA adjacent to Niño 1+2 (Fig. A3). Con-255

sequently, land values within this area were averaged to obtain a single time series for every climate index and precipitation

product. Scatterplots among the standardized anomalies over this area are shown in Fig. 14. Better performance was demon-

strated by the BWR index (Fig. A3d-f) compared to the other indices, characterized by the highest R, lowest RMSE, and values

well-aligned with the identity function without the need for an offset. Conversely, the poorest performance was shown by Ia

and Id (Fig. A3j-o), which is consistent with the lowest R, largest RMSE, and lowest F1-score maps shown in Figs. 9-13[i-o],260

as well as the unclear relationship between these indices and the rainiest and driest events (Fig. A2).

Time series of monthly standardized anomalies for the three best-performing indices (BWR, CAPE, and GDI) and precip-

itation products were generated (Fig. 15). The 1982 dry event was more accurately detected by the GDI, while the behavior

of the 1983 rainy event was better captured by the BWR. Similarly, the 1987 rainy event was well detected by both the GDI

and BWR. The 1988 dry event was better identified by the BWR and GDI, whereas the 1992 rainy event was better detected265

by the BWR and GDI. Likewise, the 1995 dry event was better detected by the BWR and CAPE. The 1998 rainy event was

better captured by the BWR; in this specific case, slightly different behaviors were observed in the PISCO and RAIN4PE

products. For the 2002 rainy event, a peak similar to that of the precipitation products was reached by the BWR. During the

2003 dry event, a trough similar to the precipitation products was shown by the BWR. For the 2016 "rainy" event, no similar

behavior was observed in any index, as the mean precipitation oscillated between values close to zero. In the 2017 rainy event,270

a peak similar to the precipitation products was exhibited by the BWR and CAPE. For the 2018 dry event, a trough similar

to the precipitation products was reached by the BWR and GDI. In the 2023 rainy event, the indices were very similar during

February and March; however, a sudden decline was experienced by PISCO in April, contrary to the indices and even the

ERA5 precipitation, which reached their peak in April. Finally, for the 2024 dry event, a peak value very similar to the 2023

event was unexpectedly reached by the PISCO product. This contradicts the results shown by the BWR, CAPE, and ERA5275

precipitation, where negative anomalies with a maximum decline in March were observed. While negative anomalies were

shown in the northern coast of Peru in Fig. 5, the average could have been affected by high positive anomalies in Ecuador.

This contradictory behavior between the indices and the ERA5 and PISCO precipitation suggests that the spatial and temporal

consistency of the PISCO data should be manually verified, particularly since 2017, as from that year onwards, only automatic

quality control has been applied to the PISCO product.280
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8 Conclusions

The development of the Buoyancy Work Rate (BWR) index addresses a fundamental limitation in the diagnosis of tropical

convection: the decoupling between thermodynamic potential and dynamic realization. By vertically integrating the product

of parcel buoyancy (∆T ) and large-scale vertical velocity (ω), the BWR quantifies the rate of energy conversion, effectively

filtering out potential instability that is suppressed by large-scale subsidence.285

The diagnostic power of the BWR was demonstrated through the analysis of complex climate events in the NWSA adjacent

to Niño 1+2, providing physical explanations that thermodynamic indices alone failed to capture. Specifically, the low pre-

cipitation observed during the 2016 Global El Niño was attributed to significant subsidence around 600 hPa, which inhibited

deep convection despite high sea surface temperatures. Conversely, the extreme precipitation of the 2017 Coastal El Niño was

explained by an ω profile with an ascent magnitude comparable to that of the 1998 El Niño, identifying them as dynamically290

analogous events. Furthermore, the distinctive intensity difference between the 2017 and 2023 events was explained; although

both events shared similar instability profiles, the 2023 event exhibited a weaker vertical motion magnitude in the middle

troposphere, resulting in less intense precipitation.

Statistically, the BWR demonstrated superior performance compared to established indices such as CAPE, GDI, Ia, and

Id. In the NWSA region adjacent to Niño 1+2, the BWR exhibited the highest spatial correlations, the lowest RMSE, and295

the highest F1-scores, particularly for extreme precipitation anomalies greater than 60 mm month−1. This indicates that the

inclusion of the vertical velocity profile is essential for the accurate detection of extreme events in this dynamically sensitive

region.

Finally, a key advantage of the BWR lies in its formulation. Unlike the GDI, which relies on the vertical distribution of hu-

midity, a variable characterized by high discontinuity and sensitivity to sub-grid parameterization schemes, the BWR depends300

primarily on the air temperature and ω profiles. Since large-scale dynamical circulations and mass fields typically exhibit higher

predictability limits in numerical models than moisture fields, the BWR is proposed as a robust candidate for future forecasting

applications, offering a physically consistent link between large-scale climate forcing and local precipitation impacts.

Finally, one distinctive characteristic of the BWR is that it does not explicitly incorporate the humidity, unlike the GDI which

requires mixing ratios at multiple levels. Despite this apparent limitation, BWR demonstrated superior performance compared305

to GDI in the NWSA adjacent to Niño 1+2. The current formulation of the BWR index relies solely on the vertical profiles

of air temperature and ω from the surface to 100 hPa, alongside the surface dew point temperature. From a climate modeling

perspective, large-scale dynamical circulations, such as the Walker ciculation with its ascending and descending branches,

typically exhibit higher predictability limits in the Eastern Pacific than the vertical distribution of humidity, which is highly

discontinuous and sensitive to sub-grid parameterization schemes (John and Soden, 2007; Emmenegger et al., 2024). This310

predictive advantage supports the potential of the BWR as a robust candidate for forecasting applications in future research.
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Figure 1. Precipitation climatology as the 1981-2015 median from ERA5 averaged over the NWSA next to 1+2 El Niño region.
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Figure 2. Monthly precipitation anomaly in March from ERA5, taking the 1981-2015 median as climatology, averaged over the NWSA next

to 1+2 El Niño region. Points above (below) horizontal red (blue) dotted line are considered as rainiest (driest) events.
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Figure 3. Latitudinal cross-section of the resultant vector between the anomalies of ω and meridional wind at 80°W for the rainiest and

driest events identified in Section 4. The blue (red) shaded colors indicate negative (positive) values of ω. The ω vector was multiplied by

-20 to increase its scale and to get upward (downward) arrows with the air ascent (descent). Anomalies were calculated taking the 1981-2015

median as climatology.
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Figure 4. Longitudinal cross-section of the resultant vector between the anomalies of ω and zonal wind at 5°S for the rainiest and driest

events identified in Section 4. The blue (red) shaded colors indicate negative (positive) values of ω. The ω vector was multiplied by -20

to increase its scale and to get upward (downward) arrows with the air ascent (descent). Anomalies were calculated taking the 1981-2015

median as climatology.
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Figure 5. Precipitation anomaly, taking the 1981-2015 median as climatology, from PISCO for the rainiest and driest events identified in

Section 4. The blue (red) shaded colors indicate negative (positive) values of precipitation.
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Figure 6. Pearson correlation (R) at the 95% confidence level between monthly precipitation anomaly from ERA5 and PISCO (a) for 1981-

2024, and RAIN4PE (b) for 1981-2015. Only pixels with significant R (p-value<0.05) are shown, the gray points represent R>0.7. The blue

(red) shaded colors indicate negative (positive) values of R. Anomalies were calculated taking the 1981-2015 median as climatology.
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Figure 7. Profiles of ∆T (red), ω (blue) and −ω∆T (green) at (80°W,5°S) for the rainiest and driest events identified in Section 4. The LCL,

LFC and EL dotted horizontal lines represent the lifting condensation level, the level of free convection and the equilibrium level respectively.

The ω was multiplied by 10 to increase its scale.
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Figure 8. BWR anomaly, taking the 1981-2015 median as climatology, for the rainiest and driest events identified in Section 4. The blue

(red) shaded colors indicate negative (positive) values of BWR. Positive (negative) values indicate favorable (unfavorable) conditions for

deep convection.
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Figure 9. Pearson correlation (R) maps at the 95% confidence level between monthly anomalies of convective indices (rows) and precipitation

datasets (columns) for the 1981-2015 common period. The indices (rows) are (a-c) CAPE, (d-f) BWR, (g-i) GDI, (h-l) Ia, and (m-o) Id. The

precipitation datasets (columns) are (a, d, g) ERA5, (b, e, h) PISCO, and (c, f, i) RAIN4PE. Shading is shown only for significant correlations

(p-value < 0.05). Red (blue) indicates positive (negative) R values. Gray points highlight strong correlations (R > 0.7). Anomalies were

calculated taking the 1981-2015 median as climatology. 23



Figure 9. (Continued).
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Figure 10. Spatial distribution of RMSE in mm month−1 for the common period 1981-2015. Anomaly precipitation was estimated using

linear regression based on five convective indices: CAPE (a-c), BWR (d-f), GDI (g-i), (h-l) Ia, and (m-o) Id. The RMSE was calculated by

comparing the estimates against three precipitation anomaly products: ERA5 (left column), PISCO (middle column), and RAIN4PE (right

column). Values are only displayed for pixels with a significant regression (p < 0.05).25



Figure 10. (Continued).
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Figure 11. Spatial distribution of F1-score for precipitation anomalies lower than -5 mm month−1. Precipitation was estimated using linear

regression based on five convective indices: CAPE (a-c), BWR (d-f), GDI (g-i), (h-l) Ia, and (m-o) Id. The F1-score was calculated by

validating the estimates against three precipitation anomaly products: ERA5 (left column), PISCO (middle column), and RAIN4PE (right

column). Values are only displayed for pixels with a significant regression (p < 0.05).
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Figure 11. (Continued).
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Figure 12. Same as Fig.11, but the F1-score was calculated for precipitation anomalies greater than 5 mm month−1.
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Figure 12. (Continued).
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Figure 13. Same as Fig.11, but the F1-score was calculated for precipitation anomalies greater than 60 mm month−1.
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Figure 13. (Continued).
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Figure 14. Scatterplots between convective indices and precipitation datasets over the NWSA adjacent to Niño 1+2. Scatterplots comparing

monthly standardized anomalies of CAPE (a-c), BWR (d-f), GDI (g-i), (h-l) Ia, and (m-o) Id against standardized precipitation anomalies

from ERA5 (left column), PISCO (middle column), and RAIN4PE (right column). All data are spatially averaged over the NWSA adjacent

to Niño 1+2. The Pearson correlation coefficient (R), RMSE and the significance at the 95% confidence level (p-value < 0.05) are shown in

each panel. The diagonal dashed line is the identity function.
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Figure 15. Time series of monthly standardized anomalies of convective indices, such as CAPE (gray), BWR (magenta), and GDI (dashed

red), and standardized precipitation from ERA5 (blue), PISCO (orange), and RAIN4PE (green). All data are spatially averaged over the

NWSA adjacent to Niño 1+2 for the period 1981-2024. The RAIN4PE dataset is only available for 1981-2015. Anomalies were calculated

taking the 1981-2015 median as climatology. Circle markers indicate February and March of every year.
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Figure A1. SST anomaly from ERA5 for the rainiest and driest events identified in Section 4 over the Niño 1+2 region. The blue (red) shaded

colors indicate negative (positive) values of SST.
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Figure A2. Time series of the March Ia and Id indices for the period 1981-2024 taking the same areas proposed by Aliaga-Nestares et al.

(2023).
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Figure A3. NWSA adjacent to Niño 1+2 area (81.25°W-78.5°W, 8°S-0.75°N).
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