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Abstract 

This study presents a multiscale assessment of the springtime U.S. Mesoscale Convective Systems (MCSs) in the 

NOAA Geophysical Fluid Dynamics Laboratory (GFDL)'s Atmosphere Model version 4 (AM4). In AM4, MCSs 

exhibit lower intensity but longer duration, producing more precipitation compared to observation. The overall MCS 

activity demonstrates a “location bias” with its peak shifting from the Southern Great Plains to the Midwest in AM4, 

causing an eastward shift in associated precipitation. However, the dry bias of MCS precipitation over the Great Plains 

due to this shift is compensated by additional precipitation from amplified extratropical cyclone activities. Further 

analysis reveals that AM4 effectively reproduces the spatiotemporal distribution and relative frequency contribution 

of large-scale forcing patterns driving MCS genesis. The MCS location bias emerges under all forms of large-scale 

forcing patterns and is further attributed to local dynamic and thermodynamic factors including weaker surface lows, 

eastward-shifted fronts, and suppressed low-level jets (LLJs). Here we argue that the MCS location bias results from 

AM4 biases in both synoptic-mesoscale anomalies (i.e., fronts and LLJs) and seasonal mean circulations. The lack of 

two-way air-sea interaction in AM4 creates a hemispheric-scale sea level pressure bias, which is ultimately responsible 

for a seasonal mean northerly bias in lower-tropospheric winds and the subsequent weakening of LLJs. The existence 

of such biases in prescribed sea surface temperature (SST) experiments implies the need for extra caution when 

utilizing extended-range forecasts for MCSs over the continental U.S. 
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1. Introduction 

Global climate models (GCMs) commonly exhibit warm and dry biases over the central U.S. during the boreal 

warm season (March-August) (e.g., Van Weverberg et al. 2018). Klein et al. (2006) argue that such biases originate 

from the lack of extreme precipitation events in models, leading to excessive downwelling shortwave radiation and 

enhanced surface heating. Less convective rainfall also reduces soil moisture, which exacerbates the excessive heating 

of the surface (Lin et al. 2017). The warm and dry biases are intrinsically accentuated by the difficulties in simulating 

warm season Mesoscale Convective Systems (MCSs), a long-standing issue in numerous GCMs (e.g., Ferraro et al. 

2017; Feng et al. 2021; Lin et al. 2022). 

MCSs are the most substantial type of convective storms characterized by aggregated deep convective towers and 

extensive stratiform regions – a unique structure distinct from scattered or isolated convective systems (Houze 2018). 

During the boreal warm season, MCSs are ubiquitous over the central U.S., accounting for 30-70% of the total warm 

season rainfall (Haberlie and Ashley 2019; Feng et al. 2019) and an even greater portion of extreme rainfall events 

(Schumacher and Johnson 2006). In recent decades, MCSs over the central U.S. have increased in both occurrence 

frequency and intensity (Feng et al. 2016). This trend is projected to continue in a warming climate (Prein et al. 2017). 

Simulation of MCSs is notoriously difficult due to the complexities of their physics and dynamics, which challenge 

conventional convection parameterizations. Although mature MCSs span thousands of square kilometers, they are 

initiated as isolated deep convective cells that grow upscale to mesoscale systems with organized structures. 

Representing both the initiation of convective cells and the subsequent growth into MCSs poses difficulties for current 

GCMs (Randall et al. 2016). Much effort has been undertaken to parameterize the effects of MCSs (e.g., Mapes et al. 

2006; Feng et al. 2018), but those parameterization schemes often struggle to represent the coupling between cumulus 

processes and low-level environment (Moncrieff et al. 2017). Consequently, GCMs, even with parameterized 

mesoscale convection, generally underestimate MCS activity and the associated extreme weather events (e.g., Feng 

et al. 2021; Lin et al. 2022). 

Accurately simulating MCSs in models requires not only parameterizing complex physics of convection but also 

faithfully representing the multiscale forcing mechanisms that modulate an MCS’s lifecycle. These mechanisms 

operate across a wide range of scales, from planetary-scale flow anomalies and synoptic-scale circulation patterns 

(e.g., troughs and ridges) to local dynamic and thermodynamic factors (e.g., fronts, low-level jets, atmospheric 

stability). Specifically, MCSs are triggered by lifting motions ahead of large-scale troughs associated with atmospheric 

disturbances of various dynamical origins (You and Deng 2022, referred to hereafter as YD22). The precise location 

of MCS genesis is further determined by local dynamic and thermodynamic factors including low-level jet (LLJ), 

frontal lifting, and convective instability. It remains uncertain whether GCMs can effectively simulate the large-scale 

forcing patterns favoring MCS geneses (e.g., Song et al. 2019). GCMs have also struggled to accurately reproduce 

smaller-scale factors such as the Great Plain LLJs that supply moisture for MCS development (Feng et al. 2021; Lin 

et al. 2022). Inaccurate representation of these multiscale forcing elements raises doubts on GCMs’ capability to 

faithfully simulate MCSs and the associated hazards including extreme winds and heavy precipitation. Biases in MCS 
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69 activity and variability further  reduce the skill  of  rainfall  and drought  predictions  across  subseasonal-to-seasonal  (S2S) 

timescales at regions where MCSs  play a central  role in the hydrological  cycle.  

Given  the  multiscale  nature of  the mechanisms  shaping  MCS  lifecycles, it is  crucial to  approach  the  evaluation  of 

model  MCS  from  a  multiscale  perspective.  A systematic  examination  of  relevant  processes operating  at  different  

spatiotemporal  scales facilitates the  more  efficient identification  of the  sources  of model biases. For  instance, YD22  

shows that  the  positive  trend  of springtime  MCSs  over  the central  U.S.  is  largely tied to a specific pattern of  large-

scale  forcing  modulated  by  the  Pacific  Decadal  Oscillation  (PDO). Therefore, failures to  capture  this trend  in  a  GCM  

may  ultimately  come  from biases  in  its  representation  of  the  decadal  variability  in  the  North  Pacific.  Similarly,  model  

biases  in  local, smaller-scale  factors  such  as fronts and  LLJs  can be connected  to  errors  in  the  simulated  MCS  genesis  

locations  and  tracks.  This  multiscale  framework  of model MCS  assessment  has  so  far  received  limited  attention  in  the  

literature. Recognizing  the  potential of this  approach, here  we  conduct a  pilot study  that examines  MCS  statistics  and  

behavior  in a 50-km  resolution GCM  from  a  multiscale  perspective.  Section 2 describes  the  atmospheric GCM, the  

MCS  detection  algorithm, and  the  clustering analysis  used for  the classification of  forcing patterns.  Section 3 compares  

the  simulated  MCSs, precipitation  and  multiscale  forcing  with  those  in  observation, and  reveals  the  potential sources 

of  identified model  biases.  Section 4 provides  further  discussions  and concluding remarks.  
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84 2. Methods  

2.1.  Model description  

This  study  evaluates  MCSs  in  a  moderately  high-resolution  (~50  km) version  of the  Geophysical  Fluid  Dynamics  

Laboratory  (GFDL)'s  Atmosphere  Model  version  4  (AM4)  (Zhao  2020).  AM4  is  the  atmospheric  component  of  the  

GFDL  coupled  physical  climate  model  CM4,  GFDL’s contribution  to  Phase 6 of  the Coupled  Model  Intercomparison  

Project  (Zhao  et al.  2018). It has been  developed  specifically  to  improve  the  simulation  of regional precipitation  

patterns  and extreme events  like MCSs  (Dong  et al.  2021,  2023).  The  historical  (1950-2014)  climate simulation  used  

in  this  analysis  is  driven by the observed SST  and sea ice,  greenhouse gases, and  natural and  anthropogenic  aerosol 

emissions.  Limited  by  the  availability  of  the  observed brightness  temperature for  MCS  detection,  the  evaluation  is  

carried out  only for  the period of  springtime 2000-2014.  

2.2. MCS detection  

The  MCS  detection domain in this  study covers  most  of  the central  U.S.  (30°  - 50°N,  80°  - 105°W).  MCSs  in  

observation are identified from  the  NCEP-CPC merged  geostationary  satellite  infrared  brightness  temperature  (Tb)  

data with  an approximate 4-km  spatial  resolution and a 30-min  temporal  resolution  (Janowiak  et al.  2001). Tb  is  not 

directly available from  AM4’s  output,  but  can be inferred rather  accurately from  3-hourly outgoing longwave radiation 

(OLR) through th e following empirical formula  (Dong e t al.  2021,  2023):  

� = � (� + �� )
! ! " "

#                                                             (1)  ��� = ��! 
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where TF is the flux equivalent brightness temperature, s = 5.67´10-8 Wm-2K-4 is the Stefan-Boltzmann constant, 

and a and b are empirical coefficients based on regression. We set a at 1.223 and b at -1.106´10-3 K-1 following 

Ellingson and Ferrado (1983) and Dong et al. (2021). 

The “detect and spread” approach is adopted to identify MCSs from the Tb datasets in both observation and AM4. 

The idea of this approach is to identify “cold cores” below a certain Tb threshold as individual cloud clusters and to 

spatially spread each cloud until a warmer threshold is met. In both AM4 and observations, a cold core is defined as 

continuous areas with Tb < 221 K and expands into a cloud cluster until Tb reaches a warmer threshold of 231 K 

(YD22). A cloud cluster will be pinpointed as a cold cloud system (CCS) if its area exceeds 50,000 km2. If, between 

two successive Tb images, two CCSs overlap by more than 50 % going either forward or backward in time, these two 

CCSs are considered as the same system and the track is extended. An MCS is defined as a CCS lasting for at least 6 

hours. All the detected MCS tracks then go through a post-processing step that merges the adjacent tracks and cloud 

areas if the average distance between two tracks is less than 100 km during the same time period. In the final step, we 

exclude from the analysis the MCS tracks with their lengths below the 25th percentile of the track lengths in observation 

and in AM4. These two post-processing steps intend to minimize the MCS overcounting and to focus the study on 

long-lived and more impactful MCSs. 

2.3. Cluster analysis of MCS large-scale forcing patterns 

To identify and compare large-scale forcing patterns of MCSs in observation and in AM4, we pool the observed 

and AM4 MCS events together and perform hierarchical clustering of large-scale circulation anomalies associated 

with these events. Instead of classifying large-scale forcing of MCSs based solely on spatial patterns, our clustering 

considers both the spatial and temporal characteristics. Specifically, the classification objects are the normalized daily 

geopotential anomalies at 500 hPa within 20° – 70°N, 150°E - 80°W, from day -3 to day 0 (with day 0 being the date 

of the detected MCS genesis) of all the MCS events. Daily geopotential height anomalies are normalized by the 

maximum absolute value across the entire domain on each day and weighted by the latitude cosine of each grid point. 

The normalized and weighted 2D matrices are then realigned into vectors and the vectors on day -3 to day 0 are 

concatenated into a single vector. This single vector contains key spatiotemporal structures of geopotential height 

anomalies over four consecutive days prior to MCS genesis and becomes the classification object of clustering. 

The hierarchical clustering algorithm adopted here employs Ward’s minimum variance to compute the distance 

between two clusters (Ward 1963; Zhao et al. 2016, 2017; Hu et al. 2019a, b). The first merging occurs when two 

clusters have the smallest Ward’s distance. The same procedure is repeated for the updated group of clusters until 

there is a significant jump in the smallest Ward’s distance from the previous step. This indicates that the two clusters 

merged at this step have significantly different structures and should not be merged any further. The clustering analysis 

is thus terminated at the previous step and the number of clusters at the previous step is the final number of clusters. 

Our analysis identifies 5 groups of large-scale forcing patterns for the observed and modeled MCSs, each characterized 

by a distinct spatial distribution and temporal growth pattern. Each of these groups, or "mix-clusters," contains MCS 

events from both observation and the AM4 model. By contrasting the contribution of each mix-cluster to the observed 

and simulated MCSs respectively, we can evaluate how well AM4 captures the properties of MCS large-scale forcing 
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137 compared to observation.  Bearing  uncertainties  of  clustering,  model-observation discrepancies  in MCS characteristics

within  a  single  mix-cluster  are uniquely attributed to model  biases  in simulating local  dynamic and thermodynamic

factors such a s fronts and L LJs.  

The  main  rationale  for  using  mix-clustering in this  study is  to simplify the comparison by pooling together

observations  and model  results,  as  opposed to analyzing them  separately. In  the  case  of  separate  clustering  analysis,

we  will  need  to  compare  multiple  aspects  of  the  two  sets  of  clusters,  including  the  total  number  of  clusters,  the

composite circulation patterns,  the number  of  events  in each cluster,  and the percentage contribution of  each cluster

to  the  total MCS  population. Such  an  expanded  scope  of comparison  would  be  quite  challenging  as  it is  subject to

many  more  uncertainties  intrinsic to the clustering algorithm  and the model  being evaluated.  By pooling the AM4 and

the  observed  MCS-related  circulation  patterns together and  conducting  mix-clustering,  we can focus  our  comparison

on each cluster’s  relative contribution to the total  MCS population,  which  greatly simplifies  the model  evaluation.  

  

 

  

 

  

  

  

 

  

3. Results  

3.1. MCS climatology and its lifecycle characteristics     

The  algorithm  outlined in Section 2.2  detected a total  of  1160  MCSs  in  observation  and 951  MCSs  in  AM4. Further  

examination shows  that  the  long-term  springtime  average of  Tb  in  AM4  is  one  degree  higher  than  that  observed within 

the  detection  domain  (not shown). If  we  add  1K  to  both  Tb  thresholds  in  detecting  AM4  MCSs  (i.e.,  222  K  in  the  “cold  

core” threshold and 232 K  in the warmer  threshold),  the number  of  AM4 MCSs  will  increase  to  1163, aligning closely 

with  the  number  observed.  This  indicates  a systematic positive bias  in modeling MCS-related  OLR  anomalies  and 

thus  a  general underestimation  of MCS  number  and intensities.  In  other words,  the  simulated  convections appear to  

be less  intense and penetrating than those observed.  Such biases  are tied to model  resolution and/or  potential  

deficiencies  in the model’s  parameterization of  deep convections.  A counterpart  analysis  of  MCSs  from  a  global  or  

regionally  refined  “cloud-resolving”  model should  help  clarify  this point.  Moreover,  as  noted  in  Section  2.2,  the  post-

processed MCS database exclusively encompasses  long-lived  MCSs. The  intensity  of short-lived  MCSs  is  also 

generally weaker  in  AM4,  similar to  the  pattern  observed  in  long-lived  MCSs, which  will be  discussed  later  (Fig.  3a). 

However,  given  that  short-lived  MCSs  contribute  minimally  to  seasonal precipitation  in  comparison  to  their long-

lived  counterparts  (Feng  et al.  2019, YD22), they  are  of trivial importance  and  thus  fall outside  the  scope  of this  study.  

In  addition  to  the  underestimation of  MCS occurrence frequency in AM4, the  spatial  distribution of  the  MCS  track  

density  and activity  in  AM4  is  also markedly  different  from that  in  observation  (Fig.  1).  For  the  track density (Fig.  1a, 

b), we  separate  the  entire  detection  domain  into  0.25°  ´  0.25°  pixels  and count  the number  of  MCS track points  (the 

locations  of MCS  centers) falling  into  each  pixel. The  activity  maps  (Fig. 1d, e) are  generated from  each MCS’  

intensity  on  all the  associated  cloud  pixels  (intensity  at each  pixel is  defined  as  the  difference  between  the  warmer Tb  

threshold  and  the  actual Tb  of  the pixel).  During  the  period  of  2000-2014, the  track  density and activity  of  springtime 

MCSs  peak over  the Southern  Great  Plains  (SGP)  in  observation  (Fig.  1a,  d), which  is  consistent with  results from  

previous  studies  (e.g.,  Cui  et  al.  2020;  Tian  et  al.  2020). In  contrast,  the  maximum  MCS  track  density  in  AM4  is  found  

over  the southern Midwest, and  the  overall MCS  activity  is  shifted further  eastward  in comparison  to  the observation  
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172 (Fig.  1b,  e). These  biases  are  more  evidently  revealed  by  the  zonally-oriented dipoles (“negative-positive”)  in  the  

model-observation differences  of  the  normalized MCS track density and activity (Fig.  1c,  f).  This  pattern  is  consistent 

with  the  results  in  Dong  et  al.  (2023), which  reports  a  significant overestimation  of  MCSs  in  AM4  over  the  eastern  

U.S.  using a different  MCS detection algorithm.  The  eastward  drifting of  active MCS  zones  over  the  U.S.  has  also 

been documented in  many  other  GCMs  (e.g.,  Ferraro et  al.  2017;  Lin et  al.  2022), suggesting  a  cause  more  fundamental 

than resolution and physical parameterizations that tend to vary across models.  

173 
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Fig.  1  The  climatological  MCS  track  density  in  observation  (a)  and  in  AM4  (b),  and  the  normalized  bias  of  track  
density (c).  The climatological  MCS activity (K)  (defined  as 231K–Tb  at  each pixel  within  MCS  cloud  area)  in  
observation (d)  and in AM4 (e),  and the normalized bias  of  MCS activity (f)  

 

183 MCSs  play  the  most  important  role  in  the  hydrological  cycle  over  the  central  U.S.  in  warm  season.  Figure  2 

illustrates th e to tal springtime  precipitation  (top ro w),  MCS-related p recipitation (m iddle ro w) and th e 9 5th  percentile 

of  daily precipitation  rate  (bottom  row) over the  region.  The  left,  middle  and  right columns  correspond to observation,  

AM4  simulation,  and AM4-observation difference  (model bias), respectively. The  calculation  of  observational  

precipitation is  based on the Climate Prediction Center  (CPC)  global  gridded daily precipitation data.  In  general,  AM4  

overestimates  the precipitation  amount  in  spring, featuring  a  pronounced  wet  bias  over  the  Great  Lakes  region/eastern 

U.S.  and a weak dry bias  near  the Gulf  coast  in  the  southern  U.S.  (Fig.  2a-c).  The  distribution of  extreme precipitation  

rate  (quantified  by  the  95th  percentile of  the  daily precipitation  rate) and  the  corresponding  AM4  bias  is  similar to  that  

of  the spring  total  (Fig.  2g-i). Unlike  previous  evaluations  of  other  GCMs  (e.g.,  Feng et  al.  2021), AM4  does  not 

exhibit  an overall  dry bias  over  the central  U.S., especially  over  the  Northern  Great Plains  (NGP)  (Fig.  2c). This  

feature  is also  present in  extreme  precipitation  (Fig.  2i).  Observational  MCSs  contribute  to  more  than  60%  of  

springtime  precipitation  over the  SGP  (Fig.  2d),  a finding  consistent  with prior  studies  (e.g., Feng et  al.  2019;  Cui  et  

al.  2020).  Nevertheless,  a significant  negative bias  in the MCS  precipitation is  evident  over  the Great  Plains  (Fig.  2f).  
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196 Lack  of  MCS  activity  in  GCMs  has  long  been linked  to  the  underestimation of  warm  season  precipitation  (e.g.,  Klein  

et  al.  2006;  Van Weverberg et  al.  2018). In  AM4, the  underestimation  of  MCS  activity  clearly  accounts  for part  of  the  

overall  dry bias  over  the SGP, but over  the  Central  and  Northern  Great  Plains  (Fig.  2c),  the  lack  of precipitation  due 

to  a  lack  of MCS  activity  is  overcompensated by extra precipitation  associated with other  weather  systems  (e.g.,  

stratiform  precipitation  in  extratropical  cyclones;  figures now  shown),  leading  to  a  weak  wet bias in  the  region.  MCSs  

are thus  responsible for  a smaller  portion of  the total  precipitation in AM4 compared to observation.  

197 
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Fig.  2  The  total springtime  precipitation  (mm) in  observation  (a),  in  AM4  (b) and  its  AM4  bias  (c).  The springtime 
MCS  precipitation  in  observation  (d),  in  AM4  (e),  and  its  AM4  bias  (f).  The 95th  percentile of  springtime daily 
precipitation rate (mm/day) in o bservation (g ),  in A M4 (h ),  and its  AM4  bias  (i)  

207 Figure  3 offers  a  comparison  of  multiple properties  between the observed and modeled MCSs  presented as  

probability density  functions  (PDFs).  Generally,  MCSs  in  AM4  exhibit  weaker  intensities  (quantified by the difference 

between 231K and the  minimum Tb  during the  MCS  lifecycle)  compared to those  in  observation  (Fig.  3a), consistent  

with  an  overall  overestimation of  OLR and  Tb  over  the central  U.S.  discussed  earlier. The  total precipitation  and  

208 
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maximum precipitation  rate  of  individual  MCSs,  however,  tend  to  be  greater  in  AM4  than  in  observation  (Figs.  3c  

and 3d). Specifically,  AM4 generates  more  MCS  events  with a maximum  precipitation rate of  40-75  mm/day  and 

fewer  events  with a maximum  precipitation rate below  40  mm/day  (Fig.  3d).  The PDFs  of  the MCS duration are shown 

in  Figure  3b, highlighting  the  tendency  of  AM4  to  produce  more  long-lasting  (>11  hours)  MCSs  than  observation  

despite simulating  weaker  intensities.  

Figure  4 displays  scatter  plots  and corresponding  third-order  polynomial  curve fittings  for  variables  characterizing 

MCS  properties.  Both the MCS total  precipitation (Fig.  4a)  and maximum  precipitation (Fig.  4b) increase  with  the  

maximum MCS  (convective)  intensity  in  general.  Such  increases  are  much  more  pronounced  in  AM4, as  indicated  by  

the  larger “slopes” of  the fitted red curves. This  contrast in  “precipitation  vs. intensity”  sensitivity  suggests  that 

convective precipitation likely contributes  more to MCS  precipitation in AM4 while stratiform  precipitation is  

underrepresented.  Such biases  represent  a long-standing  issue  in  GCMs, often  attributed to deficiencies  in model  

microphysics  schemes  (e.g.,  Morrison  et  al.  2009;  Barnes  and  Houze  Jr.  2016). To  summarize, MCSs  are  in  general 

weaker,  wetter,  longer-lasting, and  more  convective-driven in the AM4 model.  Many other  GCMs  produce MCSs  

with  similar  characteristics  (e.g.,  Feng et  al.  2021;  Dong et  al.  2021;  Lin et  al.  2022), but it remains  unclear  if  the  

identified biases come from  a  similar source su ch a s problems in a p  articular model  physics scheme.   

  
 
 

  

Fig.  3  The  probability  density  function  of  maximum  MCS  intensity  (K)  (a),  MCS  duration  (h)  (b),  MCS  
precipitation  (mm)  (c),  and m aximum  MCS  precipitation ra te  (mm/day) (d ) in o bservation  (blue) and in AM4  (red)  
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231 Fig.  4  Scatter  plots  and regression lines  of  individual  MCS precipitation  (mm) - maximum intensity  (K) (a ) and  

maximum precipitation  rate  (mm/day) - maximum intensity  (K)  (b), for observational  (blue)  and AM4 (red) events  232 

9 



 

  

  

 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

  

 
 
 
 
 
 

233 

234 3.2. Large-scale forcing of MCS genesis   

Following You and Deng (2023), we  adopt  hierarchical  clustering to  classify  the  large-scale  circulation  anomalies  

preceding MCS  genesis  in  both  observation  and  AM4. As  discussed  in  Section 2.3,  the daily 500 hPa  geopotential  

height  anomalies  from  day  -3 to day 0 of  MCS genesis  from  both  AM4  and  observation  are  pooled  together  to  form  

the  classification  objects.  Hierarchical clustering  applied to this  pool  of  geopotential  height  anomalies  (corresponding 

to  a total  of  MCS  2111  events)  identifies  5  distinct  mix-clusters,  which  is  ranked  based on  the  number of MCS  events  

in  each  cluster  (601, 529, 404, 324, and  253  events  in  Cluster  1  to  5, respectively).  Each  cluster  encompasses  a mixture  

of  AM4  and  observed MCS  events  sharing  a  very  similar large-scale  forcing  pattern.  The  contribution  of each  cluster 

to  the  total number of events,  separately for  the model  (red bars) and  observation  (blue  bars),  is  shown  in  Figure  5.  

Notably,  the percentage contribution of  each mix-cluster  to the  total AM4  and  observational  MCS  population is  

comparable across  all  clusters. AM4  is  thus  capable of  representing  in  general the  characteristics  of  large-scale  

circulation anomalies  leading to MCS  development. This  is  quite  encouraging as  many  GCMs  have  struggled  to  

simulate  these  forcing  mechanisms  accurately  (e.g.,  Song et  al.  2019).  This  finding  also bolsters  our  confidence in 

AM4’s ability  to simulate  both short-term  fluctuations and long-term trends  of  MCSs  over  the continental  U.S.  
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Fig.  5  Percentage  contribution (%)  of  each mix cluster  to observational  (blue  bars)  and to AM4 (red bars)  MCS 

events,  respectively  

252 Figure  6 displays  the  composite 500 hPa  geopotential  height  anomalies  (contours) for each mix-cluster  and the 

AM4  bias  of  MCS track  density  (color shading)  within  each  cluster.  Most  of  these  composite height  anomalies  

resemble the patterns  previously identified  for observed  MCS  events in  spring, roughly a ligning w ith  two  categories:  

“remotely forced” and “locally excited”,  based upon the source region of  disturbances  (YD22).  Cluster  1  is  

characterized by a quasi-stationary  wave  train  extending  from  the  subtropical  western  North  Pacific  into  western  North  

America  and an amplifying ridge over  the southeastern U.S.  due to  downstream  energy propagation.  Cluster  2  features  
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a cutoff low residing near the Gulf of Alaska and a rapidly intensifying low pressure near the southwest U.S. (similar 

to Cluster 4 in YD22). In Cluster 3, a low-pressure anomaly is situated near the U.S. west coast, gradually migrating 

inland and triggering MCSs on day 0 (similar to Cluster 1 in YD22). In Cluster 4, a zonally elongated positive height 

anomaly occupies the central North Pacific, accompanied by the downstream growth of a negative anomaly with a 

large meridional extent (similar to Cluster 3 in YD22). Cluster 5 includes a intense positive anomaly over the Gulf of 

Alaska and a pronounced, zonally extended negative anomaly occupying the central North Pacific and the western 

Canada (similar to Cluster 5 in YD22). In summary, AM4 captures two “locally excited” patterns (Clusters 2 and 3) 

and two of the “remotely forced” patterns (Clusters 4 and 5) observed. However, it fails to replicate one “remotely 

forced” pattern (Cluster 2 in YD22), characterized by synoptic disturbances propagating downstream towards North 

America from the North Pacific storm track. The missing pattern has been demonstrated to be responsible for the 

observed positive trend of MCS genesis frequency from 2000 to 2020 (YD22), which is not evident in observation 

and in AM4 for the 2000-2014 period investigated here. This suggests that the downstream modulation of the U.S. 

MCS activity by the Pacific storm track likely strengthens after 2014, resulted from the phase transition of the Pacific 

Decadal Oscillation (PDO, see discussions in YD22). 

The dipole structures of the MCS track density in Figure 6 (the last figure of each row) indicate that the AM4 bias 

in MCS activity (i.e., an eastward shift of the maximum track density) is present in all mix-clusters. This result is 

consistent with previous findings that while large-scale forcing triggers MCS genesis, it has only limited influences 

on the tracking and lifecycle details of MCSs (YD22). Any factors responsible for such locational biases, whether 

internal or external, appear to be active across all large-scale forcing patterns. Since local dynamic and thermodynamic 

processes, such as fronts and moisture convergence associated with LLJs, largely determine the MCS genesis location 

within an “envelope” associated with a particular large-scale forcing pattern (YD22), the following section will 

investigate the AM4 biases in these local factors and examine their potential connections to the biases in MCS location. 
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Fig. 6 The composite daily 500 hPa geopotential height anomalies (contour; gpm) on day -2 to day 0 of MCS 
genesis in Clusters 1, 2, 3 obtained from the classification of large-scale forcing of MCSs. The contour has an interval 
of 15, with positive values in solid lines and negative values in dashed lines. Each row displays the evolution of 
circulation anomalies for one cluster. Color shading in the last figures of each row means the bias of normalized MCS 
activity in each cluster 
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287
288 Fig.  6  (continued) For Clusters 4-5  

 289 

290 3.3 Local processes contributing to the MCS location bias     es  

Figure  7 displays  the  sea  level  pressure  (SLP,  color shading) and the  surface  temperature  (contours) anomalies  on 

the  day of  MCS genesis  in  both  observation and AM4.  The  SLP  anomalies  help identify  synoptic  weather systems 

such  as extratropical  cyclones,  the “parent  storms” of  most  springtime  MCSs.  Large  surface  temperature  gradients  

indicate  the  presence  of synoptic-mesoscale  fronts  (denoted  by  the  red  lines in  Fig.  7)  that provide  the  necessary lifting  

for convection  initiation, in  addition  to  the  large-scale  ascent  driven  by  upper-level troughs.  In  AM4,  the  low-pressure  

systems (i.e.,  cyclones) are weaker  compared to the  observed, while  a  stronger  high-pressure anomaly builds  up  along  

the  east coast of the  U.S. The  fronts  (red  lines)  accompanying the cyclones  shift  eastward  compared to those in 

observation.  Since  springtime  MCSs  tend  to  initiate  ahead of  surface cold fronts  in the warm  sector  of  extratropical  

cyclones  (YD22),  biases  in cyclone  properties,  particularly the  front locations,  have likely contributed  to  the  eastward 

shift  of MCS a ctivity i n A M4 (F ig.  1).  
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301 
302 Fig.  7  Surface  temperature  (contour;  K)  and  sea  level  pressure  anomalies  (color shading; hPa)  on MCS genesis  

day in observation  (a)  and AM4  (b). The  red  lines  in  (a) and  (b) denote the average front  locations  characterized by 
the  area of  the  largest temperature  gradients. The  contour  has  an  interval  of  0.3, with  positive  values  in  solid  lines  and  
negative values  in dashed lines  

303 
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307 In  addition  to  the  surface  variables,  moisture  transport at 850  hPa  best  captures  the  dynamic  (low-level 

convergence)  and thermodynamic effects  of  LLJs  on MCS development. Typically,  large-scale  mechanical  lifting  to  

the  east of the  Rocky  Mountains  triggers  MCSs  over  the Great  Plains  while  LLJs  over  the SGP carry  moisture  

northward  into  the  MCS  genesis  region  (e.g.,  Trier and  Parsons 1993). The impact of  LLJs, however, is  underestimated  

in  AM4, characterized  by  a northerly bias  of  LLJ  moisture transport  over  the Great  Plains  on the  day  of  MCS  genesis  

(Fig.  8, vectors).  The  negative  bias  of  MCS  track  density (Fig.  8,  color  shading)  overlaps  with a  divergent  bias  of  

moisture  transport  (Fig.  8,  contours), highlighting the significance  of  LLJ  moisture transport  in  determining the  precise 

locations of MCSs.  Therefore,  AM4’s  underrepresentation  of  LLJs is  another  important contributor to  the  MCS  

location  biases.  It is  important to  note  that,  in  discussing  various  local  dynamic and thermodynamic factors  

contributing to the locational  biases  of  MCSs,  we  refrain  from  identifying  a  dominant factor. Wang  et  al.  (2019)  

present  an intriguing  perspective by  exploring  this  issue  through  the  classification of  local meteorological regimes  and 

offer  insights  into the connection between precipitation biases  and the diurnal  cycle and the  associated precipitation 
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types. However, quantifying the relative importance of a particular local factor in driving MCS locational biases in 

the context of our analysis requires further work (e.g., global model experiments with local factors controlled), and 

this is beyond the scope of the present study. 

The development of the Great Plains LLJs is known to be closely coupled with the lifecycles of MCSs (e.g., Trier 

and Parsons 1993; Dai et al. 1999; Carbone et al. 2002; Feng et al. 2016), implying that weaker LLJs seen in AM4 

may partly stem from suppressed MCS activity in the region. However, the weakened Great Plains LLJs documented 

here have a fundamental origin. As shown in Figure 9a, the seasonal mean (spring average) SLP in AM4 demonstrates 

a low-pressure bias over the eastern North America and a high-pressure bias over the subtropical North Atlantic. The 

negative bias of the 850 hPa streamfunction over North America is dynamically consistent with the northerly bias of 

LLJ moisture transport revealed in Figure 8. It is important to note that this pattern of SLP bias, i.e., negative biases 

over land and positive biases over subtropical oceans, is widespread across the entire Northern Hemisphere (e.g., 

positive values over the western North Pacific and negative values over the Eurasian continent). Such a bias pattern 

is clearly present on days when MCS occurs (Fig. 9b), suggesting that the biases in seasonal mean circulation 

contribute at least partially to the weakened Great Plains LLJs in AM4 (Fig. 8), consequently influencing the eastward-

shifted MCS activity in the model. 

The systematic negative SLP bias over land and positive bias over subtropical oceans likely arise from the absence 

of two-way air-sea interactions in the AM4 experiments evaluated. In reality or in a fully coupled model, at locations 

characterized by climatological large-scale descent such as the North Atlantic subtropical high, clear sky induces 

excessive shortwave heating of the surface, elevating surface and lower-tropospheric temperatures. This process 

diverts air mass out of the column and subsequently weakens the initial surface high pressure. Such a negative 

feedback mechanism, dynamically marked by the generation of a positive low-level potential vorticity (PV) anomaly, 

is missing when the SST is prescribed and fixed in a model. Consequently, this results in a positive SLP bias over the 

subtropical highs and negative SLP biases over adjacent lands due to large-scale mass conservation. Such mechanisms 

have been argued to be responsible for the model biases in the climatological location of the East Asian monsoonal 

fronts (Li et al. 2018, 2019). It is noteworthy that the eastward shift of MCS activity over the continental U.S. is also 

observed in many other atmosphere-only GCMs (Ferraro et al. 2017; Lin et al. 2022), suggesting that the mechanism 

proposed here likely serves as a fundamental cause of such “location bias” of MCS activity. 
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Fig.  8  AM4  bias  of  normalized  track  density  (as  in  Figure  1c;  color  shading),  850  hPa  water  vapor  transport  (vector;  
m/s),  and  its  divergence  (contour;  10-8  s-1) during  MCS  days.  The  contour has an  interval of 0.2,  with  positive  values 
in solid lines and negative values in dashed lines  
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Fig.  9  AM4  bias  of  850  hPa  streamfunction  (contour;  m2  s-1) and  sea  level pressure  (color shading; hPa) in  (a) 

springtime c limatology a nd i n  (b) MCS  days   

4. Conclusion and discussion  

This  study  presents  a comprehensive evaluation  of  the  GFDL  AM4’s performance  in  simulating  the  springtime  

U.S.  MCSs, their  associated precipitation,  and the  multiscale  forcing  mechanisms  regulating  MCS  lifecycle  
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characteristics. Our analysis identifies a smaller number of MCSs in AM4 due to a systematic error in modeling OLR 

and Tb within the detection domain. AM4 also demonstrates significant bias in the location of MCS activity, with the 

peak of the MCS track density shifting from the SGP in observation to the Midwest in AM4. This displacement of 

MCS activity is directly responsible for an eastward shift of the MCS precipitation. The contribution of such a shift 

to the seasonal precipitation bias is however limited due to the compensation by the enhanced extratropical cyclone 

activity over the central U.S., particularly the NGP. Moreover, MCSs in AM4 are less intense but longer-lasting and 

producing more precipitation compared to the observed ones. Deep convective rainfall accounts for a much greater 

portion of the total MCS rainfall in the AM4 model, in agreement with the broader challenge in simulating MCS 

stratiform precipitation. 

Despite the obvious biases in the simulated MCS locations and precipitation properties, it is encouraging to see 

that the AM4 model captures the large-scale forcing patterns of MCSs in terms of the spatiotemporal features and the 

relative contributions of individual circulation anomalies. The successful representation of the springtime planetary 

and synoptic environments spawning MCSs bolsters confidence in using AM4 to conduct short-term predictions (e.g., 

subseasonal-to-seasonal) and long-term projections (e.g., externally forced trends) for MCS-related weather hazards. 

Specifically, hierarchical clustering based on pooled model and observed MCS circulation anomalies yields large-

scale forcing patterns resembling those classified solely from the observed MCS circulation anomalies. These patterns 

can also be divided into two groups - “remotely forced” and “locally excited” based upon their dynamical origins. 

To understand the MCS location bias present under different large-scale forcing patterns, we delve into local 

dynamic and thermodynamic factors that play more important roles in MCS tracking and lifecycle characteristics. 

Weaker surface lows (cyclones), eastward shifted fronts, and significantly subdued Great Plains LLJs moisture 

transport are found to be key factors contributing to the suppression of MCS activity over the Great Plains and the 

relatively enhanced MCS activity over the Midwest. It is further argued that the eastward shift of MCS activity in 

AM4 is driven by biases in both the seasonal mean circulation and synoptic-mesoscale anomalies. Specifically, the 

prescribed-SST AM4 simulations, lacking the atmospheric feedback to SST, result in a positive pressure bias in the 

North Atlantic subtropical high. Following mass conservation, this positive SLP bias results in a pronounced negative 

SLP bias over much of the eastern U.S. and generates a seasonal mean northerly bias over the Great Plains that 

consequently weakens the LLJ and its northward moisture transport. This synergy between biases in seasonal mean 

circulation and biases in synoptic-mesoscale anomalies (i.e., weaker cyclone and shifted fronts) drives the eastward 

shift of MCS activity from the Great Plains to the Midwest. 

However, it is essential to note that all factors responsible for the modeled MCS biases identified here are 

dynamically coupled with the lifecycles of MCSs. Delineating the exact causality for a quantitative attribution of the 

biases demands further evaluations of carefully designed model experiments that isolate the process-level impacts of 

multiple factors. These include model physical parameterization schemes which are not the focus of the present study. 

Finally, it is worth highlighting that the seasonal mean SLP bias identified here, an unintended consequence of the 

prescribed-SST setup, suggests that extra caution should be taken when making use of the extended-range forecasts 

of MCSs, where SSTs tend to be fixed in the forecast models. 
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