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Abstract: Warming in southern California during the 21st century is unprecedented in the instrumen-
tal record. To place this warming in a multi-century historical context, we analyzed tree ring data
sampled from Jeffrey pine (Pinus jeffreyi) and sugar pine (Pinus lambertiana) collected from minimally
disturbed, old-growth high-elevation forests within Mt. San Jacinto State Park California, USA. Based
on a calibration/verification period of 1960–2020 between earlywood radial growth and California
Climate Division 6 climate data, we reconstructed annual (November–October) minimum temper-
ature (Tmin) from 1658 to 2020. During the 61-year calibration/verification period, instrumental
Tmin increased (r = 0.69, p < 0.01) and was positively associated with annual radial growth (r = 0.71,
p < 0.01). Using regime shift analysis, we found that the 363-year reconstruction revealed Tmin
stability until 1958 and then decreased until 1980, followed by the two warmest regimes (1981–2007,
2008–2020) on record. The last 13-year period was 0.77 ◦C warmer than the multi-century average
with nine of the ten warmest years in the reconstruction recorded. These results suggest that 21st
century warming in southern California is unique in the context of the past four centuries, indicating
the rarity of exceptional warmth captured in the tree ring record.

Keywords: San Jacinto Mountains; California; USA; annual minimum temperature reconstruction;
record warmth; Jeffrey pine; sugar pine

1. Introduction

Summertime (June–August) temperatures in the southwestern US during the first
two decades of the 21st century have been unmatched since at least the mid-1500s and
are likely a consequence of anthropogenic warming [1]. The human and environmental
consequences of increasing temperatures in this region are broad and ongoing and include
changes to fire activity, snowpack and water resources, growing season length, and drought
frequency. In California, which has the largest population [2], highest GDP [3], and highest
value of crop sales [4] of all US states, the effects of warming have been extensive [5].
These warming impacts include increased drought risk [5], altered elevational distribution
ranges of forest fires, greater burn frequency in the Sierra Nevada [6,7], increased extreme
autumnal fires [8], lengthened fire season and area burned [9], reduced snowpack [10],
earlier snowpack melt and runoff [11], and decreased (increased) growth of low-elevation
(high-elevation) conifers [12,13]. Considerable spatial variability exists within California
regarding the extent of 21st century warming effects, with the largest increases occurring in
the southern third, and most populous region, of the state [14]. What remains unknown,
however, is how unusual this rate of warming in southern California is over a multi-
century timeframe.

Warming associated with greenhouse gas emissions is recognized as a significant con-
tributor to drought conditions in the southwestern United States, with terms such as “global-
change-type-drought” [15], “anthropogenic drought” [16], and “hot drought” [1,17,18]
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frequently used in reference to anthropogenic changes to drought climatology. However,
21st century warming in southern California is likely associated with both natural and
anthropogenic forcing mechanisms, and dissociating these mechanisms is problematic
because of their interconnectedness. For example, 21st century warming in southern Cal-
ifornia has been partially linked to the persistence of the “Ridiculously Resilient Ridge”
(RRR) [19]. The RRR is characterized by anticyclonic ridging that develops during the
winter months concurrent with Arctic Amplification (AA) and reductions in Arctic Sea ice
extent (ASIE) [20–23]. In turn, internal variability in our climate system is a substantive
driver of ASIE [24]. Thus, the enhanced variance of upper-level flow patterns associated
with ridging and the subsequent sinking air motions associated with warming can be
linked to surface changes associated with both anthropogenic and natural processes.

Numerous tree ring reconstructions have been conducted in the southwestern United
States using variable month/monthly combinations to identify annual temperature. These
studies include reconstructions of mean [25,26] and maximum temperatures [1]. Addition-
ally, investigations in precipitation patterns [27] and soil moisture indices [28–30] in the
western United States also have been explored. While studies in the southwestern United
States have examined various temperature parameters, recent research in California has
predominately focused on regions such as the White Mountains of eastern California [26]
and interior old-growth forests in the Napa Range of northern California [31]. The limited
studies that exist for southern California, such as those by Meko et al. [32], Briffa et al. [25],
and Scuderi [33], lack data extending into the 21st century. Moreover, these studies did not
focus on the examination of minimum temperature. Because of this gap in research exam-
ining radial growth and minimum temperature in the southwest mountains of California,
our ability to fully grasp the interplay between 21st century anthropogenic warming [1,18]
and ecosystem dynamics of mountainous regions in southern California is limited. In this
study, we explore the historical temperature variations of southern California, particularly
focusing on the region’s high-elevation old-growth forests within Mt. San Jacinto State Park.
Specifically, we use old-growth Jeffrey and sugar pine tree ring data collected in the San
Jacinto Mountains of southern California as a proxy measurement vehicle to reconstruct
annual minimum temperature to the mid-17th century.

2. Methods
2.1. Data Collection and Processing

Our chronology was developed using tree ring data from Jeffrey pine (Pinus jeffreyi,
hereafter JP) and sugar pine (Pinus lambertiana, SP), with core samples collected during
summer 2021 in Mt. San Jacinto State Park (MSJSP) California, USA (sampling location
of 33◦48′24.46′′ N, 116◦38′41.07′′ W) (Figure 1). Established in 1934, MSJSP lies within the
granitic (quartz diorite) fault-block San Jacinto Mountains, which are part of the Peninsular
Ranges of southern California and northern Mexico [34,35]. We sampled trees at elevations
between 2560 and 2670 m a.s.l. in an old-growth Sierran Mixed Conifer Forest [36] growing
under Mediterranean (winter wet/summer dry) climate conditions. MSJSP is located on
the border of California climate divisions 6 (CD6) and 7 (CD7) (Figure 1A). CD6 and CD7
are similar in terms of their annual distribution of moisture, with the maximum falling in
winter in both the Mediterranean climate (Koppen Csa) that dominates in CD6 and the
hot desert climate (Koppen Bwh) of CD7 [18]. While CD6 and CD7 have similar winter
temperatures (mean JFM of 10.3 ◦C and 10.2 ◦C, respectively), CD7 has substantially greater
variance in annual temperature, with mean summer (JJA) temperatures of 28.1 ◦C compared
to 21 ◦C in CD6.
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Figure 1. (A) Distribution of California climate divisions (CDs), including CDs 6 (used for this study) 
and CD 7 (location of study site). (B) Physiographic relief of southern California including the San 
Jacinto Mountains (red circle). Old-growth sugar pine (C) and Jeffrey pine (D) are common in the 
state park. Data sources for Figure A [37] and B [38]. 

For each species, we obtained two cores from thirty mature trees absent major visual 
damage, including scarring, rot, and missing central leaders using a 5.15 mm diameter 
increment borer. Samples were dried, glued into wooden mounts, sanded using progres-
sively finer grit (120–600 um) following standard procedures [39], and scanned at 1200 
DPI. We scanned and measured cores using WinDENDRO [40] and used COFECHA [41] 
to confirm crossdating accuracy. We standardized annual ring width data using the neg-
ative exponential option in ARSTAN [42] with the retention of the Standard Output (STD) 
version as this method and output produced the strongest relationship with temperature.  

The JP chronology consisted of 42 cores from 23 trees (series intercorrelation [SI] = 
0.65, mean sensitivity [MS] = 0.28), and the SP chronology consisted of 52 cores from 28 
trees (SI = 0.65, MS = 0.29) (Table 1). We obtained the best climate growth correlations for 
both chronologies ([JP], r = 0.61; [SP], r = 0.57, p < 0.01) using annual (previous November–
current October) minimum temperature (hereafter Tmin) data from CD6 1960–2020 (Table 
1), which correlated beĴer than either any single month (Figure 2) or CD7 data and using 
earlywood growth, which comprised 80.1% (JP) and 85.1% (SP) of the annual ring widths 
and had higher correlations (+0.06, JP; +0.02 SP) than totalwood. While CD6 data extend 
to 1895, data from 1960 onward incorporate the onset of the “hot drought” era [18] when 
soil moisture limitations created by excessive warmth frequently combined with below-
average precipitation in southern California [18] and provided a higher r-value than the 
inclusion of earlier CD6 data. 

  

Figure 1. (A) Distribution of California climate divisions (CDs), including CDs 6 (used for this study)
and CD 7 (location of study site). (B) Physiographic relief of southern California including the San
Jacinto Mountains (red circle). Old-growth sugar pine (C) and Jeffrey pine (D) are common in the
state park. Data sources for Figure A [37] and B [38].

For each species, we obtained two cores from thirty mature trees absent major visual
damage, including scarring, rot, and missing central leaders using a 5.15 mm diameter
increment borer. Samples were dried, glued into wooden mounts, sanded using progres-
sively finer grit (120–600 um) following standard procedures [39], and scanned at 1200
DPI. We scanned and measured cores using WinDENDRO [40] and used COFECHA [41]
to confirm crossdating accuracy. We standardized annual ring width data using the nega-
tive exponential option in ARSTAN [42] with the retention of the Standard Output (STD)
version as this method and output produced the strongest relationship with temperature.

The JP chronology consisted of 42 cores from 23 trees (series intercorrelation [SI] = 0.65,
mean sensitivity [MS] = 0.28), and the SP chronology consisted of 52 cores from 28 trees
(SI = 0.65, MS = 0.29) (Table 1). We obtained the best climate growth correlations for both
chronologies ([JP], r = 0.61; [SP], r = 0.57, p < 0.01) using annual (previous November–current
October) minimum temperature (hereafter Tmin) data from CD6 1960–2020 (Table 1), which
correlated better than either any single month (Figure 2) or CD7 data and using earlywood
growth, which comprised 80.1% (JP) and 85.1% (SP) of the annual ring widths and had
higher correlations (+0.06, JP; +0.02 SP) than totalwood. While CD6 data extend to 1895,
data from 1960 onward incorporate the onset of the “hot drought” era [18] when soil
moisture limitations created by excessive warmth frequently combined with below-average
precipitation in southern California [18] and provided a higher r-value than the inclusion
of earlier CD6 data.
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Table 1. Chronology statistics for the Jeffrey pine and sugar pine and Composite chronologies with
Pearson correlation values for annual (prior November–current October) minimum temperature from
CD6 1960–2020. Double asterisks indicate significance at p < 0.01.

Chronology Sampled Trees (n) Cores (n) Series
Intercorrelation Mean Sensitivity Correlation with

Annual Tmin (r)

Jeffrey pine (JP) 23 42 0.65 0.28 0.61 **
Sugar pine (SP) 28 52 0.65 0.29 0.57 **

Composite (JP & SP) 18 26 0.59 0.28 0.71 **
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Figure 2. Monthly, seasonal, and annual Pearson correlation values between earlywood radial growth
and temperature (A) and precipitation (B). All correlations with temperature were significant at
p < 0.01, except for November, February, and May, which were significant at p < 0.05. There were no
significant correlations (i.e., p > 0.05) between precipitation and radial growth.

2.2. Growth/Climate Model Development, Calibration, and Verification

To maximize the Tmin signal, we created a new chronology (hereafter the Composite
chronology) that comprised seventeen cores from ten JP trees and nine cores from eight SP
trees with all cores complete through 2020. The Composite chronology earlywood series
(n = 26) ranged from 1518 to 2020, with an SI of 0.59 and an MS of 0.28 (Table 1). The Com-
posite chronology also was standardized via ARSTAN with the STD retained for analysis
for the period 1658–2020 (n = 363 years), with that interval having a signal strength of >0.80
(9 samples in 1658 increasing to 26 samples during 1906–2020). We calibrated and verified
regression models between standardized radial growth (Composite chronology) and Tmin
using data from 1960 to 2020 (n = 61) for the Tmin reconstruction. Verification statistics
included the bivariate regression coefficients between instrumental and predicted Tmin
using the leave-one-out (L1O) method [43] and the reduction of error statistic (RE) [44].

2.3. Data Analysis

To analyze potential significant changes in temperature between statistically stable
states (i.e., regimes) during the 363-year study period, we used a sequential algorithm
developed by Rodionov [45] to identify regime shifts. Regime shift analysis is affected
by cutoff lengths, with shorter lengths producing shorter regimes and greater shift mag-
nitudes [46]. To match the average duration of the Pacific Decadal Oscillation (PDO),
which has been shown to exhibit phase reversals approximately every 20–30 years and
has positive associations with precipitation [47] and temperature [48] in southern Cali-
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fornia, we selected a 30-year cutoff with phase shifts occurring at p < 0.05. Thus, mean
reconstructed Tmin temperatures between adjacent phases are significantly different from
each other.

We compared the accuracy of reconstructed Tmin data with the actual Tmin data
to determine if reconstruction outliers were skewed towards over/under prediction of
interannual temperature variability. We converted actual and reconstructed Tmin values to
z-scores with a mean of zero for the 1960–2020 calibration/verification period. We identified
outlier years when a z-score difference between actual and modeled Tmin was >1 and coin-
cided with a year where either actual or reconstructed Tmin had a z-score > 1 or <−1. Lastly,
we analyzed relationships between internal climate-forcing mechanisms and temperature
using monthly data for El Nino Southern Oscillation for Region 3.4 (ENSO SST 3.4) [49],
the PDO [50], North Pacific Index (NPI), [50], and Arctic Sea ice extent (ASIE) [51]. A visual
representation of the various stages of our methodology is identified in Supplemental
Figure S1.

3. Results and Discussion
3.1. Model Development and Validation

The Tmin model is radial growth = −2.147 + 0.355 (Tmin); R2 = 0.50, p < 0.001. Recon-
structed Tmin values from the tree ring model were calculated via Tmin = 7.515 + 1.406
(radial growth); R2 = 0.50, p < 0.001. The Tmin model verification statistics (r = 0.69,
p < 0.001, and RE = 0.47 for the L1O validation) compared favorably with the actual Tmin
model (r = 0.71, p < 0.001, and RE = 0.50). Further, the RE values > 0 indicate that the
predictive reconstruction skill of the Tmin model is robust and exceeds that of climatology.

3.2. Reconstructed Tmin 1658–2020

The reconstructed Tmin data from 1658 to 2020 show annual temperature oscillations
between 8.07 and 9.53 ◦C from 1658 to 1959 with no significant trend (p > 0.05) (Figure 3).
However, during 1960–2020, Tmin markedly increased and was significantly correlated
(r = 0.71, p < 0.01) with year with a range of 7.90–10.34 ◦C (Figure 3). The greatest increases
in temperature occurred during 2008–2020 (n = 13), with the mean value of 9.65 ◦C be-
ing significantly greater (p < 0.01, independent samples t-test) than the 363-year mean
(8.88 ◦C). Reconstructed Tmin temperatures during this period of warming for 1960–2020
and 2008–2020 averaged 0.34 and 2.6 standard deviations above the 363-year average.
Further, Tmin for five years (2015, 2017–2020) exceeded three standard deviations, with
2017 having a z-score of 4.9.
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Figure 3. Reconstructed Tmin (black, ◦C) 1658–2020 (n = 363 years) with regime shifts (gray) su-
perimposed. The multi-century chronology was characterized by four shifts (1658–1958, 1959–1979,
1980–2007, and 2008–2020), with the two warmest phases occurring during the past 41 years. Phase
shifts mark significant (p < 0.05) changes in mean annual Tmin. Red lines display +2 (solid) and +1
(dashed) standard deviations. Blue lines display −2 (solid) and −1 (dashed) standard deviations.
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The quality of temperature-based reconstructions is typically assessed based on the
correlation between instrumental temperature and ring widths, assuming sufficient sample
depth, and significant (p < 0.05) calibration/verification statistics. However, other factors
affect quality, including data homogeneity (e.g., number of species included, number of
sites) sample replication scores, and chronology development scores (e.g., importance
of including younger and older trees) [52]. Thus, our chronology exhibiting moderate
to strong correlation, representing different aged trees sampled from the same location,
and not expressing a large decline in samples from the beginning (n = 9) to end (n = 26)
suggests that statistical skill remains consistent throughout the time series. Evaluation of
the correlation period with instrumental data using z-scores suggests that 50 of the 61 (82%)
reconstructed Tmin years closely replicated actual Tmin conditions, and 11 years did not
capture actual Tmin (Figure 4). The largest disparities between actual and reconstructed
temperatures occurred in 1961, 2002, and 2007. Each of these years was marked by dry
conditions (z-score range −1.24 to −1.43) coupled with below- to near-average temperature
conditions (z-score range −0.87 to 0.02). Thus, the largest reconstruction outliers were
associated with the overprediction of cold. Conversely, six of the ten warmest reconstructed
years coincided with the top ten warmest instrumental data years (Figure 4).
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Figure 4. Comparison of instrumental Tmin (black) with reconstructed Tmin (green) during 1960–
2020. Red bars (n = 11) represent years when a z-score difference between actual and reconstructed
Tmin was > 1 and coincided with a year where either actual or reconstructed Tmin had a z-score > 1
or <−1.

3.3. Mechanisms of 21st Century Warming

Exceptional warming in western North America has been linked to a combination of
natural variability and anthropogenic forcing [1,18,28,53–55], and many of these factors
likely contributed to the temperature variability (Figure 3) at MSJSP, but at different tempo-
ral scales. For natural forcing, we found that during 1960–2020, late spring (April–June)
PDO conditions were positively associated with instrumental Tmin (r = 0.54, p < 0.01).
Instrumental Tmin also is positively associated (r = 0.43, p < 0.05) with ENSO conditions
during April–July. Tmin is negatively associated with April NPI (r = −0.52, p < 0.01) and
March–May (1979–2020) ASIE (r = −0.59, p < 0.01). Overall, the relationship of these indices
with Tmin is consistent with the literature, e.g., [56–58], which explains 18–35% of annual
Tmin variability and suggests that conditions in spring to early summer have the greatest
effects. Further, warming is associated with the occurrence of strong anticyclonic condi-
tions over the northeastern Pacific that produce a northward deflection of the cool-season
storm track [59]. Being overlain by favorable conditions for warming is an anthropogenic
signature. Williams et al. [28], using multiple climate models, found that anthropogenic
warming increased mean annual temperatures by 1.2 ◦C (range 1–1.5 ◦C) in southwestern
North America during 2000–2018. Here, the Tmin reconstruction results showed tempera-
tures since 2000 averaging 0.46 ◦C warmer than the 363-year average, but since this Tmin
reconstruction slightly overpredicts cold, these results are consistent with anthropogenic
forcing effects contributing to the overall warming.
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4. Conclusions

Our reconstruction of annual Tmin from JP and SP tree ring data in southern California
back to 1658 CE reveals that thermal conditions were largely stable for the first 300 years
of this proxy record, with no sustained deviations of sufficient magnitude to warrant a
regime shift change (Figure 2). Since the mid-20th century, the thermal climate of the
region has exhibited significant variance, with recent vectors showing warming during
regime shifts occurring from 1980 to 2007 and 2008 to 2020. This later period includes nine
of the ten warmest years on record and is the only period in the past three centuries of
exceptional decadal-length warmth. We posit that record warmth during the 21st century
represented a period of warming-favorable internal variability conditions coupled with
anthropogenic forcing but acknowledge that this is a complex and interrelated relationship.
We note that above-average annual Tmin (instrumental data) has continued through 2023,
suggesting that despite changes in internal forcing conditions and above-average winter
precipitation in 2022/23, a trend towards warmer conditions remains. Given the suite
of human–environmental issues associated with 21st century warming, understanding
the magnitude and historical context of this unprecedented change in thermal conditions
in a region as economically and biologically important as southern California is crucial
for entities charged with the development and implementation of climate mitigation and
adaptation strategies.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/atmos15060649/s1. Figure S1: A visual representation of the
various stages of our methodology.
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