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SUMMARY

Integration of variable energy resources—e.g., solar, wind, and hydro—and end-use electrification increase 

the weather dependence of modern energy systems. Understanding how weather-driven stress propagates 

through interconnected generation, transmission, and demand is therefore essential for understanding risks 

and guiding adaptation. We use transfer entropy to identify predictive pressure points: grid components 

whose utilization dynamics provide predictive information about downstream power shortages. Using sim

ulations of New York State’s proposed future power grid across a large ensemble of meteorological and tech

nological scenarios, we show that predictive pressure points frequently emerge from complex, system-wide 

interactions between generation, transmission, and demand. Importantly, these predictive pressure points 

vary across scenarios and are often difficult to anticipate from high-level scenario features alone. While trans

fer entropy cannot establish causality or prescribe optimal infrastructure investments, it offers a complemen

tary, data-driven diagnostic perspective on reliability by revealing how and where system stress propagates 

under realistic operating dynamics.

INTRODUCTION

The reliability of the electric power system is being impacted by 

the increasing penetration of variable and intermittent sources of 

energy generation—such as solar, wind, and hydro—and rising 

electricity demand due to end-use electrification. Greater pene

tration of variable generation and electrification increasingly 

couple the electric power system—across supply, transmission, 

and demand—with weather, leaving electricity reliability more 

susceptible to meteorological variability.1–5

Given the interconnected nature of the electric power system, 

shocks from natural stressors across scales (including storms, 

heatwaves, and longer-scale hydroclimatic trends) can propa

gate to affect the entire grid.6–8 Due to the complexity of the po

wer system, it is difficult to predict the dampening or amplifica

tion of shocks and where the greatest impacts will be felt.6,9–11

For example, local decreases in generation due to natural 

resource variability or deratings due to temperature changes 

can trigger compensating increases elsewhere, potentially lead

ing to strained supply3 or transmission line congestion6 distant 

from the original disturbance.

The propagation and amplification of shocks due to the com

plex topology of the electric power grid can lead to the emer

gence of an operationally critical subset of components6,10 that 

we refer to as ‘‘pressure points’’: infrastructure that is consis

tently associated with the occurrence or severity of power short

ages by limiting the system’s ability to meet electricity demand. 

Identifying such pressure points in the power grid can help 

SCIENCE FOR SOCIETY Power shortages disrupt daily life, economic activity, and essential services. In 

modern power systems, weather is an increasingly important driver of reliability: high temperatures raise de

mand and limit transmission capacity, and calm or cloudy periods reduce wind and solar supply. Using a 

data-driven analysis, this study identifies grid infrastructure whose operating patterns help predict power 

shortages. The results show that reliability risks often emerge from interacting stresses across generation, 

transmission, and demand, rather than from single bottlenecks. By clarifying how system stress propagates 

through the grid, this diagnostic perspective helps explain why shortages occur under specific conditions 

and can complement traditional planning and operational tools to support adaptive reliability strategies, tar

geted monitoring, and coordinated infrastructure investments. 
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characterize patterns of system vulnerability and reveal how 

stress propagates across interconnected generation, transmis

sion, and demand. However, because these pressure points 

may be geographically or topologically distant from both the 

original shock(s) and where electricity demand is unmet,6,9

they can be hard to identify from patterns of local shortages or 

transmission line congestion.

Furthermore, natural meteorological variability does not neces

sarily cause abrupt component outages but can stress or weaken 

the power grid over extended periods by simultaneously reducing 

weather-dependent energy generation output, limiting transmis

sion, and increasing electricity demand.3,5 This is in contrast with 

acute failures of grid components, which is a common setting for 

previous work on identifying critical infrastructure in power grids. 

Some approaches adapt classical network centrality measures 

to power-system settings and assess component importance 

based on the system-level impacts of node or line outages.12–16

Other works analyze the statistical relationships between the topo

logical properties of nodes or links and the dynamics of simulated 

cascading failures triggered by their removal.10,17 However, when 

individual components—or multiple, spatially correlated compo

nents—remain operational but at reduced capacity, the impacts 

on the power grid are more difficult to trace or quantify, especially 

as other components can compensate to help meet demand and 

largely avoid power outages.6 We focus on identifying pressure 

points in this setting, where reliability risks arise from compound in

teractions among generation, transmission, and demand rather 

than from discrete component failures.

One class of approaches to identifying pressure points infers 

component criticality indirectly using prescriptive modeling 

frameworks, such as capacity expansion or transmission expan

sion models, which prioritize investments that most efficiently 

improve system reliability.18–21 In many capacity expansion for

mulations, reliability is incorporated either by pricing unserved 

load,22,23 leading to an explicit cost-reliability trade-off in the 

objective function, or by imposing adequacy constraints that 

require minimum reliability standards be met.19,20,24 Generation, 

transmission, and/or storage capacities are treated as decision 

variables subject to operational and policy constraints, and 

cost and reliability metrics are evaluated under counterfactual 

system designs. Within these optimization-based frameworks, 

the associated dual variables for capacity or flow constraints 

measure the value of expanding the corresponding components, 

providing a principled basis for prioritizing investments in power 

system planning studies.

While such optimization-based approaches are indispensable 

for infrastructure planning, they may not reveal the pathways by 

which stressors result in outages or the conditions under which 

particular reliability challenges emerge. Less attention has so 

far been paid to diagnostic, data-driven methods that charac

terize how stress propagates through a fixed system realization 

under realistic operational dynamics and that identify which 

components provide early signals of downstream reliability fail

ures. Such an approach would help us understand how limita

tions upstream in the power system propagate downstream to 

outages, and this is particularly important in power systems 

with high penetrations of variable and intermittent energy sour

ces, where reliability challenges can emerge from compound, 

system-wide interactions rather than from the failure or full utili

zation of a single infrastructure component.

In this study, we adopt the latter perspective: we identify po

tential pressure points by inferring directed predictive relation

ships between the utilization dynamics at supply- and transmis

sion-side infrastructure (including generators, transmission 

interfaces, and batteries) and unmet demand at a specific load 

bus. These inferences are based on hourly time series data re

flecting resource utilization and unmet demand in simulated po

wer flow studies.

Such directed dependencies define a form of effective 

network connectivity25,26 in which components are linked not 

by physical electrical connections but by their influence on future 

system behavior. Accordingly, we define a ‘‘predictive pressure 

point’’ as any generation, transmission, or storage component 

whose utilization dynamics provide statistically significant pre

dictive information—quantified in this study using transfer en

tropy (TE)27—about future unmet demand at a given load bus 

(Figure 1). Framing the problem in this way aligns with a broader 

literature using data-driven techniques to discover underlying 

grid interactions that may not be evident from direct or proximal 

electrical connections.9,11,28,29

TE, our metric of effective network connectivity, is an informa

tion-theoretic measure that can detect directed, potentially 

nonlinear predictive relationships between components in a sys

tem25 (see methods for details). TE quantifies the extent to which 

knowledge of the past state(s) of one process, X, improves pre

dictions of the future state of another process, Y, beyond what is 

already predictable from Y’s own past. A positive TE from X to Y 

therefore suggests that the dynamics of X provide unique 

Figure 1. Identifying pressure points in a future NYS grid using TE 

We focus on a single load bus (marked in red) and use TE to detect directed, 

predictive relationships between various components of the grid—wind, solar, 

and hydro generators; transmission interfaces; and batteries—and this load 

center. A component is a predictive pressure point if its pattern of utilization 

improves predictions of future power shortages at the target load bus. Here, 

interface flow and curtailment are plotted in black for a transmission interface 

and two generators, respectively, and hours with unmet demand at the target 

load bus are shaded in red.
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predictive information about the future evolution of Y, and 

although this does not establish causality, it reflects a meaningful 

directional dependence. TE is zero when the two processes are 

completely independent or when Y’s own past already contains 

all the relevant information in X, i.e., the two processes are 

perfectly coupled (Figure S1). As evidence of its wide applica

bility, TE has been used to infer effective network connections 

from time series data in neuroscience,26,30 climatology,31 urban 

land teleconnections,32 and econometrics.33 To the best of our 

knowledge, this is the first study to apply TE as a diagnostic 

tool for identifying failure pathways in power systems.

We demonstrate our approach using a proposed future New 

York State (NYS) power grid, as described and scoped by the 

state’s Climate Leadership and Community Protection Act 

(CLCPA).34 The CLCPA is an ambitious energy agenda that tar

gets 70% non-fossil electricity by 2030, 100% zero-emission 

electricity by 2040, and eliminating emissions statewide by 

2050. To meet these emission targets, the scoping plan calls 

for integrating additional variable and intermittent energy sour

ces (e.g., on- and offshore wind and utility and behind-the-meter 

solar), upgrading and expanding transmission infrastructure, 

and electrifying end uses such as transportation and heating/ 

cooling.34 However, this plan exacerbates the spatial imbalance 

between energy supply, which is concentrated in upstate NYS 

(Figure S2), and load, which is concentrated downstate, primarily 

in New York City. Because of this imbalance—especially the un

even distribution of energy resources—NYS experiences com

plex responses to meteorological variability, making the future 

NYS grid a valuable case study for understanding the reliability 

risks of grids with intermittent resources.2,35

This study employs simulations from ACORN (A Climate- 

informed Operational Reliability Network),2 a simplified optimal 

power flow (OPF) model of the proposed 2040 NYS grid, and 

connections to neighboring grids. These simulations were 

generated under scenario assumptions reflecting different mete

orological forcings—primarily temperature increases—and 

levels of variable energy penetration and electrification. Hourly 

energy generation, transmission interface flow, battery state, 

and unmet demand are calculated for each meteorological-tech

nological scenario by determining the optimal dispatch of re

sources to minimize power shortages (see methods for details 

of the model, scenario design, and data-generating process).

In the first part of this study, we examine predictive pressure 

points in three specific scenarios representing distinct meteoro

logical and technological challenges to the future NYS grid. Pre

vious studies of the reliability dynamics in future NYS grids2,35

help us reason about the broad categories of pressure points 

that we might expect to see in each scenario. These insights 

allow us to confirm that the specific predictive pressure points 

identified by TE largely align with known reliability challenges2,35

and are consistent with expected system behavior. Importantly, 

predictive pressure points can also reveal complex and some

times unexpected interactions between generation and trans

mission patterns that ultimately lead to unmet demand. This 

highlights how interconnected the generation and transmission 

systems are in a grid with intermittent energy resources, under

scoring the importance of analyzing these components jointly 

when assessing reliability risks.

We then extend our analysis to all 6,600 meteorological-tech

nological scenarios in the full ensemble, identifying predictive 

transmission pressure points in each and clustering the results 

to uncover shared system dynamics. From a decision-making 

perspective, a key question is whether these pressure points 

can be anticipated from high-level indicators of grid condi

tions—e.g., temperature, resource availability, or installed ca

pacity—so that planners can proactively design for reliability. 

However, we find that these broad scenario features offer limited 

predictive power, reinforcing the conclusion of the preceding 

analysis: predictive transmission pressure points arise from 

complex, system-wide interactions among generation, trans

mission, and demand across spatial and temporal scales. This 

unpredictability highlights the potential value of adaptive ap

proaches and real-time system monitoring for understanding 

and managing reliability risks in future power systems.

RESULTS

Heterogeneous grid dynamics across meteorological- 

technological scenarios

One persistent challenge in using TE to identify networked im

pacts is that TE is a measure of network correlation, not causa

tion.25,30 This means that predictive pressure points could hypo

thetically be the result of spurious correlations rather than 

meaningful causal patterns. To evaluate the plausibility of these 

inferences, we analyze three scenarios spanning a range of 

meteorological and technological assumptions (see Figure 2) in 

more depth. In each case, we evaluate the identified predictive 

pressure points in the context of previous studies,2,35 known 

structural features of the NYS grid, and the relatively simple po

wer flow dynamics observed in ACORN.

A key structural feature of the CLCPA’s proposed NYS grid is 

the spatial imbalance between energy supply and electricity de

mand, which ACORN simulations consistently demonstrate is a 

major challenge for grid reliability.2,35 To meet the zero-emis

sions generation target by 2040, the CLCPA scoping plan34 pre

scribes wind, solar, and hydro resource capacities across the 

eleven New York Independent System Operator (NYISO) load 

zones (A-K; Figure S2), totaling 26.4 GW of wind (land-based 

and offshore), 51.2 GW of utility solar, and 4.3 GW of hydropow

er. Most planned land-based wind, utility solar, and hydropower 

resources are located upstate—in zones A through E—and in 

zone F. Meanwhile, electricity demand is disproportionately 

concentrated downstate in zones J and K, which have primarily 

offshore wind generation resources. As a result, power typically 

flows from upstate to downstate, and the upstate-to-downstate 

transmission corridor—particularly the E-G interface—is a 

persistent bottleneck, including in the three meteorological- 

technological scenarios we consider here (Figure 2C).

We first examine a relatively ‘‘well-behaved’’ scenario in which 

energy availability is high—largely because total installed wind 

and solar capacities are 126% and 135%, respectively, of 

CLCPA targets—and the assumed temperature increase is mod

erate (Figures 2A and 2B). These favorable conditions reduce 

overall strain on the system, yet we see some pressure points still 

emerge, and in particular, downstate power shortages occur 

exclusively during hours in which the critical E-G interface is 
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congested. However, this congestion does not appear to be a 

major barrier to the effective use of available energy resources: 

wind and solar curtailment upstate, congestion of the E-G inter

face, and unmet demand downstate co-occur in less than 9% of 

simulated hours. Instead, the large volume of curtailed wind and 

solar generation (20.4 TWh) compared with a much smaller total 

power shortage (1.29 TWh) points to a temporal mismatch be

tween when these intermittent energy resources are available 

and when they are needed.

Next, we consider two more extreme meteorological-techno

logical scenarios in which statewide energy availability is more 

constrained. In the first of these two scenarios, wind and solar 

capacities are only 73% and 63%, respectively, of what is called 

for in the CLCPA scoping plan, but the temperature increase is 

still fairly moderate (Figures 2A and 2B), and we refer to this sce

nario as the ‘‘limited wind and solar’’ scenario. The third and final 

scenario has relatively limited wind availability and a large tem

perature increase (Figures 2A and 2B). This extreme temperature 

increase depresses hydropower availability (Figure 2B) and re

duces transmission ampacity36 while dramatically increasing 

overall demand due to increased cooling load (Figure S3). Total 

statewide load over the entire simulation period is 121% of the 

baseline (see methods for details of the baseline scenario), 

with hourly load peaking at 147% of the baseline.

The extreme conditions in the second and third scenarios— 

particularly the limited offshore wind availability—result in a 

greater reliance on upstate energy supply to meet downstate de

mand, exacerbating congestion in the upstate-to-downstate 

transmission pipeline. As a result of transmission constraints, a 

large proportion of available upstate wind and solar genera

tion—most notably in the third scenario—cannot be delivered 

to load centers downstate and is therefore curtailed, even as un

met demand persists. This congestion-driven underutilization of 

already scarce energy resources contributes to power short

ages2 and higher system costs.35 It also intensifies generation- 

side pressure points as constrained supply struggles to keep 

pace with electricity demand, particularly under extreme tem

perature conditions.

Pressure points emerge from interactions between 

generation and transmission

Throughout our TE analysis, we focus on identifying pressure 

points that help predict power shortages at a bus located in 

zone G (highlighted in Figure 3). This bus lies along the critical 

(and frequently congested) upstate-to-downstate transmission 

pipeline and consistently exhibits the highest frequency and 

largest share of unmet demand across the entire scenario 

ensemble (Figure S4). While electricity demand peaks further 

downstate, particularly in New York City and Long Island (zones 

J and K, respectively), shortages in those zones tend to co-occur 

with shortages at the zone G bus: in over 99% of scenarios, at 

least 90% of hours with unmet demand in zones J and K coincide 

with hours of unmet demand at this zone G location. This makes 

it a strategically informative site for identifying system-wide pre

dictive pressure points.

In the well-behaved scenario (Figure 3A), our TE analysis high

lights temporal mismatches between intermittent energy gener

ation and load as the primary drivers of power shortages. Most 

predictive pressure points are generators where available wind 

and solar resources are consistently fully utilized—i.e., no curtail

ment occurs—during periods of unmet demand at the target 

load bus (Figure S5A). Shortages are heavily concentrated dur

ing hours in which wind and solar availability at these sites drops 

below 50% of nameplate generation capacity (Figure 4A), partic

ularly at night when solar is unavailable and when wind availabil

ity is also reduced. Together, these observations reinforce the 

A CB

Figure 2. Meteorological and technological features of three chosen scenarios in the context of the full scenario ensemble 

Colored markers indicate the three selected scenarios within the full ensemble (gray points), illustrating distinct combinations of meteorological and technological 

conditions. More information about the three selected scenarios is available in Table S1. 

(A) Time-averaged wind and solar availability anomalies, expressed as mean hourly deviations from a baseline scenario (see methods for definitions of anomalies 

and baseline scenario). 

(B) Time-averaged temperature and hydropower availability anomalies, where temperature anomalies are mean hourly deviations and hydropower anomalies are 

mean quarter-monthly deviations from the baseline. 

(C) Reliability-relevant outcomes in each scenario, summarized by the proportion of wind and solar generation curtailed and the proportion of hours with 

congestion on the E-G interface, a key bottleneck in the upstate-to-downstate transmission corridor.
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interpretation that timing, rather than supply capacity, is the key 

driver of supply-side pressure points in this scenario.

The G-H interface is also flagged as a predictive pressure 

point (Figure 3A) due to diurnal decreases in interface flow 

that are predictive of power shortages at the target load bus 

in zone G (Figure S6A). However, this predictive relationship 

is likely spurious: an underlying driver of both unmet demand 

in zone G and G-H interface flow dynamics appears to be low 

solar availability in zone F (Figure S6B), which has the state’s 

largest share of utility solar resources and contributes heavily 

to downstate energy supply. Because the E-G interface is 

frequently congested (Figure 2C), solar generation in zone F 

and flow across the F-G and G-H interfaces become critical 

for meeting demand in zones G through K, amplifying the pre

dictive role of the G-H interface. We return to this issue of com

mon drivers and the interpretability of bivariate TE in the 

discussion.

Overall, these dynamics are consistent with system conditions 

in which expanded energy storage could play a role in address

ing the temporal mismatches between energy supply and elec

tricity demand that occur in grids with high penetrations of 

non-dispatchable, intermittent energy resources.37 In over half 

of simulated hours, curtailment of wind and solar generation 

co-occurs with fully met demand. Long-duration batteries as 

well as more flexible, even-longer-duration options such as 

green hydrogen could make more efficient use of the abundant 

but intermittent energy resources in this scenario.2

Notably, the E-G interface is not identified as a predictive pres

sure point in this scenario despite being a known structural 

bottleneck.2,35 This is a consequence of its near-deterministic 

Figure 3. Predictive pressure points identi

fied by pairwise TE analysis 

Predictive generation and transmission pressure 

points identified in the (A) well-behaved scenario, 

(B) limited wind and solar scenario, and (C) 

extreme temperature scenario. The target load 

bus in all three scenarios is in zone G, circled in 

black. For predictive transmission pressure 

points, all branches comprising the interface are 

colored red.

relationship with downstate power short

ages in this scenario: unmet demand 

downstate is so strongly correlated with 

congestion of the E-G interface that the 

interface flow contains little unique 

predictive information. We consider this 

specific limitation of TE as a metric of 

effective network connectivity in the 

discussion.

In the second scenario we examine— 

the limited wind and solar scenario—our 

TE analysis also identifies supply-side 

predictive pressure points (Figure 3B). 

However, here the predictive relationship 

reflects a more fundamental supply 

constraint: at flagged generators, wind 

and solar resources are again fully utilized during hours of unmet 

demand (Figure S5B), but unlike the well-behaved scenario, po

wer shortages are not limited to periods of extremely low energy 

availability (Figure 4B). This aligns with our expectations for this 

meteorological-technological scenario, in which underbuilt wind 

and solar generation capacity leaves the grid susceptible to or

dinary meteorological variability such that even moderate de

creases in wind or solar availability can lead to shortages.

Another consequence of underbuilt offshore wind in particular is 

the increased reliance on far-upstate energy resources, particu

larly the considerable hydropower and utility solar resources 

located in zone A. As discussed previously, this exacerbates 

congestion along the upstate-to-downstate transmission corridor, 

and we see that the A-B and B-C interfaces are identified as pre

dictive pressure points (Figure 3B). These interfaces see extended 

periods of high utilization and congestion during shortage hours, 

averaging 90% and 97% of transmission capacity, respectively, 

compared with 77% and 90% during periods with no power 

shortage at the target bus (see also Figures S7A and S7B). 

Notably, these interfaces are geographically and electrically 

distant from the target bus, underscoring TE’s ability to surface 

these system-level interactions between generation and transmis

sion rather than only proximate or isolated drivers.

Taken together, these findings indicate that reliability failures 

in this scenario arise from interacting generation and transmis

sion constraints rather than from a single dominant bottleneck. 

When demand goes unmet in zone G, upstream resources are 

typically fully utilized: curtailment of wind and solar generation 

in zones A and B is rare, occurring in only 13% of all simulated 

hours and 4% of shortage hours. At the same time, congestion 
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of the B-C interface, which is fully utilized in 70% of shortage 

hours, limits the deliverability of upstream resources. The joint 

scarcity of flexible supply and transmission capacity defines 

this failure pathway linking far-upstate resources to downstate 

power shortages.

The I-J interface is also identified as a predictive pressure 

point in this limited wind and solar scenario, reflecting a more 

subtle but still physically interpretable connection. Here, a 

consistent pattern of peaking interface flow from zone I to 

zone J—which has the largest electrical load among all 

NYISO zones—is predictive of unmet demand at the target 

load bus in zone G (Figure S7C). These peaks in interface flow 

largely occur during hours with low offshore wind availability 

in zone J (Figure S8A). When offshore wind availability is high, 

shortages in zone J can largely be avoided—98% of hours 

with unmet demand in zone J coincide with wind availability 

below 50% of zone J’s installed capacity—and the reverse 

flow of power from zone J to zone I can help meet demand else

where, including in zone K and indirectly in zone G (Figure S8B). 

While power does not ever flow in the I → H direction, i.e., from 

downstate to upstate, this pattern underscores the broader sys

tem-wide importance of downstate energy supply and trans

mission flexibility in shaping reliability outcomes. Notably, this 

is a relationship that a simple correlation analysis would likely 

miss, and TE captures the predictive value of more complicated 

flow patterns—such as peaks—rather than steady levels or di

rection alone.

In the final scenario, extreme temperatures significantly in

crease electricity demand while decreasing hydropower avail

ability, and wind availability is also decreased (Figures 2A and 

2B). The grid becomes heavily reliant on solar generation— 

particularly from upstate zones and zone F—to meet this 

elevated load. As a result, the predictive transmission pressure 

points observed in the previous scenarios become more promi

nent (Figure 3C). For example, A-B interface congestion once 

again emerges as a strong predictor of downstate power short

ages (Figure S9A), occurring in 36% of hours with unmet demand 

in zone G but only 7% of hours with no unmet demand. Diurnal 

fluctuations in interface flow are more pronounced here than in 

the two previously discussed scenarios, reflecting the system’s 

increased dependence on zone A’s solar generation in the 

absence of dispatchable hydropower.

A

C

B Figure 4. Distribution of generation avail

ability relative to installed capacity at identi

fied predictive pressure points 

In each panel, hours with zone G power shortages 

and without zone G power shortages are plotted 

on the right and left, respectively. All predictive 

generation pressure points identified within a sin

gle zone have been aggregated. 

(A) Well-behaved scenario. 

(B) Limited wind and solar scenario. 

(C) Extreme temperature scenario.

More predictive transmission pressure 

points emerge along the upstate-to- 

downstate transmission pipeline—spe

cifically at the C-E, G-H, and H-I interfaces (Figures S9B–S9D). 

As in the well-behaved scenario, these pressure points reflect 

a common driver: diurnal solar variability. Lower interface utiliza

tion during periods of solar unavailability corresponds to unmet 

demand in zone G. When solar supply—particularly in zones C 

and F—are sufficient, these interfaces are more fully utilized 

and shortages are reduced. This pattern illustrates that con

gested transmission can be primarily a consequence of power 

flow dynamics and does not necessarily indicate a bottleneck 

or limitation in the system but rather that available resources 

are being utilized appropriately to meet load.

Supply-side predictive pressure points are also widespread in 

this scenario (Figure 3C), reflecting the broader challenge of 

meeting elevated demand under extreme temperature in

creases. Many of these predictive pressure points occur at 

wind generators, and notably, power shortages occur even 

when wind availability reaches installed capacity (Figure 4C), 

indicating that available wind resources are frequently fully uti

lized during shortage events. This pattern suggests that wind ca

pacity across the state may be underbuilt relative to the total 

load. However, because much of the existing land-based wind 

relies on long-distance transmission through already stressed 

upstate interfaces, additional land-based capacity would likely 

be less effective at mitigating shortages than offshore wind 

located closer to downstate load centers.

The importance of these spatial considerations is further un

derscored by curtailment patterns. At a solar generator in zone 

A flagged as a predictive pressure point, generation is curtailed 

in about 8% of hours with unmet demand in zone G (bottom 

panel of Figure S5C). More broadly, curtailment occurs some

where in the system in about 64% of hours with unmet demand, 

indicating that transmission constraints frequently limit the 

effective use of available upstate energy resources to meet 

downstate demand. These findings highlight the importance 

of considering generation expansion and transmission up

grades in tandem.

The final predictive pressure point in this scenario is the I-K 

interface. Here, periods of sustained flow in the K → I direction 

predict power shortages in zone G (Figure S10A). This pattern re

flects increased reliance on offshore wind from zone K to support 

demand in zone J, particularly when overall energy supply from 

upstate is reduced (Figures S10B and S10C). However, unlike 
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the dynamics of the I-J interface observed in the previous sce

nario—where reverse flow helped mitigate zone G power short

ages—here K → I flow is insufficient to prevent zone G shortages. 

This is likely due to the relatively low interface flow limit in the K → 
I direction (515 MW), which is much smaller than zone J’s mean 

hourly load (approximately 8,950 MWh). Still, the dynamics of 

this pressure point are consistent with the broader system con

dition: underbuilt wind, strained solar supply, and overwhelming 

downstate demand.

Transmission pressure points are hard to predict based 

on meteorological and technological features

In the previous subsection, we demonstrated that predictive 

pressure points reflect diverse and often complex system dy

namics that can vary across meteorological and technological 

conditions. This raises two decision-relevant questions. First, 

which predictive pressure points—if any—are common across 

a broad range of meteorological-technological scenarios? Sec

ond, can the emergence of specific pressure points be antici

pated from broader operating conditions, allowing planners to 

anticipate and monitor for reliability risks in advance? This pro

cess—identifying the underlying scenario features that result in 

similar system dynamics—is known as scenario discovery38

and can help guide decision-makers in planning for system reli

ability under uncertainty.

To investigate the first question, we group the 6,600 meteo

rological-technological scenarios based on similarities in 

their transmission-level predictive pressure points, which, as 

demonstrated above, capture critical reliability dynamics often 

overlapping with those suggested by generation-level 

predictive pressure points. A clustering analysis (see methods

for details) reveals three distinct clusters of scenarios, each 

characterized by a common spatial pattern of predictive trans

mission pressure points (Figure 5). That is, each cluster con

tains scenarios where similar subsets of transmission inter

faces emerge as predictive pressure points, pointing to 

similar modes of system failure. Scenarios in the first two clus

ters share multiple predictive pressure points, namely, the A-B 

and B-C interfaces, while the third cluster contains more vari

able, scenario-specific patterns.

In the first and second clusters, unmet demand in zone G is 

frequently associated with periods of high utilization and 

congestion at the A-B and B-C interfaces (Figures S11A and 

S11B). This pattern suggests that predictive pressure points 

emerge along the entire upstate-to-downstate transmission 

corridor—crucially, also upstream of the well-known bottleneck 

at the E-G interface. Although the E–G interface is frequently or 

almost always congested across all scenarios (Figure 2C) and 

has been previously identified as a critical bottleneck,2,35 its 

persistent congestion typically renders it non-predictive in this 

analysis (see discussion).

The interface connecting NYS to the neighboring PJM system 

also emerges as a common predictive pressure point in these 

clusters. In these scenarios, flow from NYS to PJM exhibits a 

strong diurnal pattern (Figure S11C) reflecting daily fluctuations 

in downstate demand. This pattern reflects the NYS-PJM inter

face’s important role in moving net power from upstate to down

state—critically, bypassing the bottleneck at the E-G interface— 

during periods of system stress.

The first and second clusters are primarily distinguished by the 

presence of the I-K interface as a predictive pressure point in the 

first cluster but not in the second. Among the scenarios in which 

the I-K interface is identified as a predictive pressure point, we 

observe two distinct dynamics connecting I-K interface flow 

and power shortages in zone G. In some scenarios, power short

ages in zone G align with elevated interface flow in the I → K di

rection, while elevated interface flow in the K → I direction helps 

mitigate power shortages (Figure S12A). In other words, power 

moving out of zone K during hours with excess offshore wind 

generation helps the system meet demand in zone G, likely indi

rectly by balancing demand in zone J.

Other scenarios show persistent congestion and high interface 

flow in the K → I direction, regardless of shortages in zone G 

(Figure S12B). These scenarios are also characterized by 

increased flow from zone H to zone I, indicating overall higher 

downstate demand that draws heavily on external resources 

from other zones, both upstate zones and zone K (Figure S12C). 

Under such conditions, exporting surplus electricity from zone K 

does not sufficiently reduce demand to prevent shortages in 

zone G, and this is what we saw in the third, extreme temperature 

scenario examined previously.

To better understand what drives the emergence of these 

distinct predictive pressure point patterns, we examine whether 

cluster membership can be predicted from high-level meteoro

logical and technological features of each scenario. That is, we 

use a classification tree39 to examine to what extent broad 

weather and infrastructure conditions can account for the 

different types of reliability dynamics observed. We consider 

five key variables in each scenario: the mean anomaly relative 

to a baseline scenario with historical meteorological patterns 

Figure 5. Patterns of predictive transmis

sion pressure points grouped into three 

clusters 

Common predictive transmission pressure points 

in (A) cluster 1, (B) cluster 2, and (C) cluster 3. In

terfaces are colored according to the proportion of 

scenarios belonging to that cluster in which the 

interface is flagged as a predictive transmission 

pressure point, and interfaces flagged in less than 

1% of scenarios are drawn in dashed gray lines. 

Note that the NY-PJM interface connects zone C 

and the PJM ISO but does not include connec

tions from the PJM ISO to zones G, J, and K.
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for four different metrics—hourly temperature averaged across 

the state, hourly solar availability, hourly wind availability, and 

quarter-monthly hydro availability—as well as the battery capac

ity scaling factor. In principle, these features reflect major drivers 

of electricity supply and demand and should help explain 

observed differences in predictive transmission pressure points. 

However, a basic classification tree39 trained to predict cluster 

membership achieves only 51.4% accuracy—only slightly better 

than random guessing (see methods for details).

Still, examining the most influential predictors in the classifica

tion tree—the mean hourly anomaly in temperature and solar 

availability—reveals some broad connections between specific 

meteorological-technological features and reliability dynamics. 

Scenarios comprising the first and second clusters tend to 

have larger temperature increases—and therefore higher levels 

of electricity demand and lower availability of hydropower— 

combined with lower solar availability (Figure 6). With simulta

neously higher load concentrated downstate and relatively low 

solar availability, the grid is likely more reliant on upstate land- 

based wind and hydropower. This leads to pressure points at 

key upstate-to-downstate transmission interfaces—both mov

ing power out of zones A and B and moving power through 

PJM in order to bypass the frequently congested E-G interface. 

However, the first and second clusters remain largely indistin

guishable, even when considering the full set of features.

Scenarios belonging to the third cluster tend to have higher so

lar availability relative to the level of temperature increase. As a 

result, these scenarios can be considered more well-behaved, 

and the sets of predictive pressure points that emerge are less 

systematic and more scenario-specific.

Overall, the limited predictive power of these features em

phasizes that predictive transmission pressure points arise 

from complex interactions between generation, transmission, 

and demand across space and time. More granular metrics 

that better capture the spatiotemporal patterns of intermittent 

energy resources and electricity demand may offer better pre

dictive insight. In the meantime, these results highlight the 

value of real-time grid monitoring and underscore the need 

for flexibility in reliability planning. Efforts to enhance grid reli

ability should remain adaptive, with strategies that can 

respond to evolving meteorological and technological 

conditions.

DISCUSSION

Across a wide range of technological and meteorological condi

tions, our TE analysis consistently identifies common predictive 

pressure points that reflect potentially persistent failure modes in 

a future NYS grid. In particular, predictive pressure points for 

downstate power shortages frequently emerge at transmission 

interfaces and generation sites along the entire upstate-to- 

downstate transmission corridor. Many of these predictive pres

sure points are geographically and electrically distant from 

where the power shortages actually occur, and this reinforces 

previous observations that the complexity of the electric power 

system can result in a spatial separation between the affected 

generation or transmission infrastructure and where demand is 

unmet.6

Predictive pressure points emerge from interactions between 

generation and transmission under system stress, particularly 

during periods of elevated demand—largely driven by higher 

temperatures—and limited energy availability. Analyzing power 

flow dynamics at these transmission pressure points can be 

quite complex: for example, many power shortage events occur 

when transmission lines are not congested, which may seem 

counterintuitive. In such cases, reduced utilization reflects insuf

ficient upstream generation, leaving the transmission paths 

underutilized, rather than excess transmission capacity. This 

adds nuance to the common use of line congestion as a signal 

of reliability failures.2,6,35 By capturing directed, time-lagged de

pendencies between component utilization and unmet demand, 

TE helps reveal how reliability failures emerge through the tem

poral sequencing and spatial propagation of stress across the 

network—dynamics that are difficult to infer from static compo

nent-level indicators alone.

We note that TE is fundamentally a diagnostic tool: while it 

identifies components whose utilization patterns carry predictive 

information about impending power shortages, it cannot quantify 

the marginal reliability benefit of potential interventions or allow a 

prescriptive ranking of investment priorities. This distinction is 

illustrated by the frequently congested E-G interface, a well- 

documented bottleneck in the NYS grid2,35 that is rarely identi

fied as a predictive pressure point in our analysis. Despite its 

physical connection to our target load bus and its established 

role as a binding constraint, the E-G interface is flagged as a pre

dictive pressure point in less than 2% of the full scenario 

ensemble. In many scenarios, persistent congestion of the E-G 

interface produces minimal temporal variability in interface 

flow, limiting its predictive value. In other scenarios, power short

ages at the load bus are primarily the direct result of congestion 

in the E-G interface, and the occurrence of power shortages is 

A B

Figure 6. Temperature change and relative solar availability for three 

identified clusters 

The cluster numbers correspond to those in Figure 5. Boxplots summarize the 

distribution of mean hourly deviations in (A) average statewide temperature 

and (B) statewide solar availability relative to a baseline scenario (see methods

for details of the baseline scenario).
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almost perfectly correlated with congestion such that the history 

of unmet demand already encodes nearly all the information 

contained in the interface flow history (see Figure S13). In 

both cases—near-constant behavior or near-deterministic 

coupling—the incremental predictive information measured by 

TE is necessarily small.

Importantly, this example should not be interpreted as a sign 

that the E-G interface is not structurally critical. Rather, this 

example highlights that predictive pressure points and structur

ally limiting constraints need not coincide. Understood this 

way, TE analysis complements prescriptive planning frame

works (e.g., capacity expansion models) by offering a data- 

driven, diagnostic perspective on reliability that reveals how 

and where system stress propagates within a fixed system 

configuration. For example, in the well-behaved scenario, 

shortages are primarily associated with temporal mismatches 

between intermittent generation and demand rather than abso

lute shortages of installed capacity—an operational pattern 

consistent with planning studies that emphasize the value of 

storage37 and dispatchable backup generation capacity.21 In 

the more extreme scenarios, predictive pressure points reflect 

intertwined generation and transmission constraints, high

lighting reliability challenges that arise from coupled system dy

namics rather than from a single limiting component. Longer- 

range flexibility options such as green hydrogen, which can 

shift energy without relying on congested transmission, may 

be relevant in such settings.2

TE’s diagnostic perspective may be particularly valuable when 

paired with planning frameworks designed to generate diversity 

in candidate system designs rather than to identify a single 

optimal solution. For example, modeling to generate alterna

tives40,41 (MGA) is explicitly intended to explore the feasible, 

near-optimal region of the solution space, producing system de

signs that remain high-performing with respect to modeled ob

jectives (e.g., cost and reliability) while being maximally different 

in their specific infrastructure configurations. In this spirit, TE 

could serve as a complementary diagnostic layer applied after 

MGA alternatives are generated to highlight system configura

tions where reliability is statistically informed by non-local inter

actions or by specific upstream components.

It is worth emphasizing some limitations of our approach. First, 

demand response is not explicitly considered in this analysis. We 

choose to prioritize being able to meet all demand, so we do not 

examine electrical loads at other buses as potential predictive 

pressure points. Future work will study the role of demand-side 

stresses and interventions.

Beyond modeling choices, there are also practical consider

ations related to the estimation and application of TE itself. Reli

able estimation of TE requires sufficiently long, high-resolution 

time series to adequately sample the underlying joint probability 

distributions of embedded source and target processes.25 For 

continuous-valued signals, state-of-the-art estimators typically 

rely on repeated high-dimensional nearest-neighbor searches, 

which increase in computational cost with data length and 

embedding dimension.26,42 In addition, statistical validation via 

surrogate-based testing must be performed independently for 

each candidate interaction30 (see methods for details of TE esti

mation). Together, these requirements imply meaningful data 

and computational demands, particularly for large systems or 

very high-dimensional analyses. However, they are tractable in 

settings where long, well-resolved operational time series are 

available—such as the simulation-based power system analyses 

considered here—and where TE is used as a targeted diagnostic 

rather than as an exhaustive network reconstruction tool.

Recovering the full set of interactions among infrastructure 

components would require estimating multivariate transfer en

tropies,43,44 which account for redundant influence and detect 

synergistic (higher-order) interactions by conditioning on more 

than one source process simultaneously.25 Our pairwise analysis 

therefore necessarily risks both false positives due to common 

drivers and false negatives where predictive information arises 

only jointly from multiple components. An example of a redun

dancy-driven false positive appears in the well-behaved sce

nario: solar availability upstream, particularly in zone F, drives 

both power shortages in zone G and the dynamics of flow 

through the G-H interface, creating a false predictive relationship 

from G-H interface flow to power shortages in zone G. 

Conversely, we almost surely overlook some synergistic interac

tions—most notably, the role of batteries in helping compensate 

for transmission congestion and intermittent energy resources. 

Across the three narrative scenarios, batteries are never identi

fied as predictive pressure points, likely because their own dy

namics are closely tied to transmission constraints: discharging 

batteries upstream of interface congestion cannot help relieve 

power shortages in zone G, and depleted batteries downstream 

of transmission congestion cannot be recharged. Estimating a 

multivariate TE that conditions jointly on battery utilization and 

intermediary interface congestion could potentially reveal this 

synergistic interaction between storage and interface flow as a 

predictive pressure point in the system.

In principle, a multivariate TE analysis could address the 

fundamental limitations of our pairwise analysis, but a brute force 

approach would likely be computationally intractable given the 

combinatorial explosion in the number of potential sets of candi

date sources.43 Existing methods for full network inference via 

multivariate TE43–45 therefore construct the conditioning set of 

relevant source processes iteratively, typically using a greedy 

approach. These methods are substantially more computation

ally intensive than a pairwise analysis, requiring many TE esti

mates and tests for statistical significance, and may therefore 

be impractical for large power systems. In future work, it is worth 

considering how domain knowledge—e.g., physical constraints 

and grid topology—may be helpful in thoughtfully expanding the 

set of relevant source processes, thereby reducing computa

tional burden while preserving interpretability. It is also worth 

exploring whether alternative methods of reconstructing net

works from time series data46–48 may offer more scalable or 

robust diagnostics in this context.

Despite these limitations, this analysis has demonstrated that 

TE can be a valuable diagnostic tool for identifying predictive 

infrastructure pressure points that emerge from complex, sys

tem-wide interactions between generation and transmission 

patterns in a grid weakened by natural stressors. By focusing 

on directed, time-lagged relationships in operational dynamics, 

our approach reveals non-local and scenario-dependent failure 

pathways that are difficult to detect using static metrics or 
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outage-based analyses. Across a large ensemble of meteorolog

ical-technological scenarios, we show that these predictive 

pressure points are heterogeneous and often cannot be antici

pated from coarse summaries of grid operating conditions, high

lighting the limits of relying on aggregated indicators to assess 

reliability risk. Framed appropriately, TE (or other information- 

theoretic network analyses) complements prescriptive planning 

and optimization frameworks by helping to interpret where and 

how stress propagates through a fixed system realization, 

thereby providing context for understanding why particular clas

ses of interventions may be emphasized under different oper

ating conditions.

METHODS

Model and scenario design

We use a scenario ensemble generated by ACORN,2 a reduced- 

form direct current OPF (DC-OPF) model of the proposed 2040 

NYS power grid outlined in the CLCPA scoping plan.34 The 

scoped plan includes (relative to the present-day NYS grid49) 

expanded variable energy generation and transmission capac

ity, new high-voltage direct current lines, and additional load 

due to electrification of transportation and heating/cooling 

sectors.

As grid reliability is heavily influenced by the joint behavior of 

temperature (which affects demand and transmission ampacity) 

and energy supply (solar, wind, and hydro), it is important for 

operational assessments to use realistic joint distributions of 

these meteorological inputs. To maintain their co-variability, we 

force the simulations using reanalysis weather data from 

MERRA2 over the 22-year simulation period (1998–2019). The 

DC-OPF problem is solved at an hourly resolution to determine 

the optimal dispatch of resources that minimizes power short

ages while ensuring operational constraints (e.g., transmission 

capacity and phase angle constraints, quarter-monthly hydro re

quirements, and battery state transitions) are enforced. Due to 

the lack of cost-setting generators in the proposed 2040 NYS 

grid, ACORN does not minimize the cost of operating the system 

but rather maximizes reliability.

To account for deep uncertainties50 surrounding natural mete

orological variability and technological changes (such as tem

perature increases, variable energy integration, battery storage 

expansion, and electrification), we employ the full set of 300 

alternative scenarios from Liu et al.2 These scenarios are gener

ated by sampling a six-dimensional uncertainty space of meteo

rological and technological parameters using Latin Hypercube 

Sampling, ensuring uniform coverage of each dimension, and 

the uncertain parameters and their ranges are summarized in Ta

ble 4 of Liu et al.2 (see also Section 2.3 therein). Using tempera

ture-adjusted meteorological inputs in the model’s supply, de

mand, and transmission modules, the authors construct 

scenario-specific time series for the availability of intermittent 

energy resources, electrified demand, and transmission line am

pacity. See Liu et al.2 for further details.

We consider each year of the 22-year simulation period for 

each alternative meteorological-technological scenario as a 

different scenario-year, giving us an ensemble of 6,600 sce

nario-years. Meteorological and technological features for 

each scenario-year are summarized using anomalies relative to 

a baseline scenario incorporating changes in generation technol

ogy, transmission infrastructure, storage expansion, and load 

profile detailed in the CLCPA scoping plan34 but using historical 

meteorological patterns. For each scenario, we compute the 

time-averaged anomaly between the scenario-specific time se

ries and the corresponding baseline time series for several state

wide quantities: average temperature, solar availability, wind 

availability, hydro availability, and load. For temperature, solar 

availability, wind availability, and load, anomalies are computed 

from hourly time series. Specifically, given a scenario-specific 

time series {xt}
T
t = 1 and the corresponding baseline time series 

{~xt}
T
t = 1, we compute the anomaly as the mean of the pointwise 

difference, 1
T

∑T
t = 1 (xt − ~xt), which represents the average hour

ly deviation from the baseline over the year. Hydro availability 

anomalies are computed analogously but using quarter-monthly 

time series, reflecting the temporal resolution at which hydro 

availability is modeled to account for water management and 

regulatory constraints.

TE estimation and significance testing

TE27 is a directed (i.e., asymmetric) measure of predictive infor

mation transfer from a source process X to a target process Y. 

Specifically, TE from X to Y is the mutual information between 

the previous state variable X − of source X and the future value 

Y+ of target Y, conditioned on the past state variable Y − of 

target Y:

TE(X→Y) = I(X − : Y+|Y − )

=
∑

x− ;y+ ;y−

p(x− ; y+; y− )log
p(y+|y− ; x− )

p(y+|y− )

:

This definition assumes X and Y are discrete-valued stationary 

processes,25 and there is an analogous definition for continuous- 

valued processes based on differential entropy.51

By conditioning on the past, TE incorporates directional and 

dynamical information; however, it is a measure only of observed 

correlation rather than causal effect, which typically requires some 

perturbation of or intervention in the system to measure.25 TE is 

therefore appropriately interpreted as a model-free test statistic 

for Granger causality, also known as observational causality.30

When estimating TE from time-series data, it is convenient if X 

and Y can be assumed to be stationary processes so that the 

appropriate probability distributions involving X− , Y − , and Y+ 

can be estimated from samples over time25,30 (see Wollstadt 

et al.42 and Gómez-Herrero et al.52 for details on estimating 

time-dependent TE values from ensembles of time series repre

senting copies of the random processes). Thus, to limit the influ

ence of seasonal trends that could introduce nonstationarity, we 

restrict our analysis to the summer months—June, July, and 

August—and scale the time series by relevant capacity as 

described below.

For each potential predictive pressure point X, we follow a 

standard procedure30,53 for estimating pairwise TE from the 

time series {xt}
T
t = 1 measuring utilization of the resource or infra

structure and the time series {yt}
T
t = 1 measuring power short

ages at the target load bus. We reconstruct the underlying state 
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space for each process by assuming that Y − and X − take the 

form of time-delay embedding vectors30,42,53 and optimizing 

the embedding parameters via the Ragwitz criterion54

(Figure S14). It is standard to take Y+ to be the value of target 

Y one time-step in the future. This state space reconstruction 

step is critical to avoid under- or overestimating TE(X →Y). 

Further details regarding state space reconstruction can be 

found in the supplemental information.

We estimate TE(X →Y) using the Associations.jl Julia pack

age.55 Time series for resources that predominantly jump be

tween no utilization and full utilization are effectively discrete. In 

such cases, estimating the relevant probabilities in the TE 

functional by the frequency of occurrence of different states30

provides the most consistent results. For continuous-valued 

processes, state-of-the-art TE estimators use nearest-neighbor 

estimates of the relevant probability densities with adaptive res

olutions to account for the different dimensionalities of the under

lying densities.56 We use the Frenzel-Pompe-Vejmelka-Palu�s 

estimator57,58 in this case.

Raw TE estimates have limited interpretability because of 

inherent statistical bias in estimators and because of the varying 

statistical properties of the underlying time series.25 Thus, to 

determine when a TE estimate indicates meaningful information 

transfer, we rely on a null-hypothesis significance test, esti

mating the distribution of TE(X →Y) under the null hypothesis 

that there is no predictive information transfer from X to Y and 

then calculating the p-value for obtaining the sample estimate 

of TE(X →Y) under this null distribution.25,30 We estimate this 

null distribution by generating surrogate source time series59

{x̂}
T
t = 1 that preserve important statistical properties of the orig

inal source time series {x}
T
t = 1 (Figure S15) and use a significance 

threshold of 0.05. Further details regarding surrogate generation 

can be found in the supplemental information. Lowering the sig

nificance level reduces the number of predictive pressure points 

identified in each scenario-year, decreasing the likelihood of 

false positives but potentially overlooking meaningful interac

tions. Conversely, increasing the significance level makes the 

test more permissive, increasing the chance of detecting weaker 

but possibly spurious correlations.

Simulation data for TE estimation

Hourly time series reflecting curtailment, generation, interface 

flow, and battery state are used in TE estimates—representing 

source processes—to identify pressure points at wind and solar 

generators, hydro generators, transmission interfaces, and bat

teries, respectively. We consider curtailment as a metric for non- 

dispatchable energy resource utilization because it is more 

straightforward to interpret than generation: a lack of generation 

could reflect either curtailment or unavailability of that resource, 

while a lack of curtailment indicates that we are fully utilizing that 

resource’s available energy. We consider interface flow across 

the NYS zonal interfaces to capture transmission utilization 

instead of individual branch flow because it gives a more 

comprehensive picture of how power is moving through the 

grid. Flows through individual branches are noisier and may be 

highly sensitive to small variations in DC-OPF model parameters.

We scale each time series by the relevant capacity—hourly en

ergy availability and transmission capacity for intermittent en

ergy resources and transmission interfaces, respectively, and 

installed capacity for hydropower generation and batteries—to 

reflect when resources are being under- or fully utilized. This 

captures the weakening of the system due to weather-related 

stressors. As an example, when extreme temperatures decrease 

the carrying ampacity of transmission lines, the amount of elec

tricity that can flow through the lines is limited.36 Any resulting 

shortage could be associated with the ‘‘true’’ congestion rather 

than the nominal underutilization. Rescaling to unit range is 

also important to ensure accurate and stable TE estimates.

The target process in all of our TE estimates is hourly unmet 

demand (as a proportion of total demand) at a selected zone G 

bus. This bus was chosen as it consistently experiences the 

most frequent occurrence and highest proportion of unmet de

mand across all scenario-years (Figure S4).

Scenario discovery

To identify meteorological and technological features that result 

in consistent patterns of predictive transmission pressure points, 

we cluster the results of our TE analysis using the k-modes algo

rithm, a variation of the k-means algorithm suitable for categori

cal data.60,61 For each scenario-year, the flow at each of the 15 

transmission interfaces either has or does not have significant 

TE to the pattern of power shortages at the zone G load bus.

Using a common approach to determine the number of clus

ters—examining the within-cluster dissimilarity—suggests there 

could be up to eight distinct clusters (Figures S16 and S17). 

However, there is considerable overlap across these clusters: 

for example, four of the largest clusters represent different com

binations of predictive pressure points at the A-B, B-C, NYS- 

PJM, and I-K interfaces. Furthermore, the smaller clusters are 

considerably less cohesive, suggesting that there is a fraction 

of scenario-years with atypical combinations of predictive trans

mission pressure points. Thus, we choose to limit our analysis to 

three clusters (see Figure 5) representing the most dominant 

patterns.

We use a classification tree39 trained using the MLJ.jl Julia 

package62 to predict cluster membership using a subset of the 

meteorological and technological features described above: 

mean hourly anomaly in temperature, solar availability, wind 

availability, and hydro availability as well as battery capacity 

scaling factor. We exclude the mean hourly load anomaly, as 

this is almost perfectly correlated with the mean hourly anomaly 

in temperature (Figure S3B). To avoid potential overfitting, we 

limit the depth of the tree to three levels. The fitted classification 

tree is in Figure S18. As discussed in the results, this tree is a 

relatively weak classifier. The balanced accuracy63 is 51.4%, 

which represents a fairly small improvement over random guess

ing. A classification tree for predicting membership among the 

full eight clusters is also a weak classifier. The balanced accu

racy for a tree with four levels is 30.7%—again, a small improve

ment over random guessing.
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Requests for further information and resources should be directed to and will 

be fulfilled by the lead contact, Katerina Tang (kbt28@cornell.edu).
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Materials availability

This study did not generate any new, unique materials.

Data and code availability

The code used in this study, along with data for the three base scenarios, is 

archived at https://doi.org/10.5281/zenodo.16783066. Data used in the sce

nario discovery subsection are based on simulations produced using the 

publicly available ACORN model (https://github.com/AndersonEnergyLab- 

Cornell/ny-clcpa2050), and the analysis scripts required to reproduce our sce

nario discovery results are included in the Zenodo archive.
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