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Summary 25 

- Stable isotope abundances convey valuable information about plant physiological processes 26 

and underlying environmental controls. Central gaps in our mechanistic understanding of 27 

hydrogen isotope abundances impede their widespread application within the plant and Earth 28 

sciences. 29 

 30 

- To close these gaps, we analysed intramolecular deuterium abundances in glucose of Pinus 31 

nigra extracted from an annually resolved tree-ring series (1961 to 1995). 32 

 33 

- We found fractionation signals at glucose H1 and H2 introduced by closely related metabolic 34 

processes. These signals (and thus metabolism) respond to drought and atmospheric CO2 35 

concentration beyond a response change point. They explain ≈60% of the whole-molecule 36 

deuterium variability. Altered metabolism is associated with below-average yet not 37 

exceptionally low growth. 38 

 39 

- We propose the signals are introduced at the leaf-level by changes in sucrose-to-starch carbon 40 

partitioning and anaplerotic carbon flux into the Calvin-Benson cycle. In conclusion, 41 

metabolism can be the main driver of hydrogen isotope variation in plant glucose. 42 

 43 

Keywords: anaplerotic flux; Calvin-Benson cycle; change point; glucose-6-phosphate shunt; 44 

hydrogen stable isotopes; intramolecular isotope analysis; oxidative pentose phosphate 45 

pathway; sucrose-to-starch carbon partitioning  46 
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Introduction 47 

Stable isotope measurements of the most abundant chemical elements in plants (H, C, and O) 48 

convey valuable information about plant physiological and environmental processes. Plant 49 

archives, such as tree rings, preserve this information over millennia enabling elucidation of 50 

physiological and environmental dynamics that occur beyond the short timeframes covered by 51 

manipulation or monitoring experiments (Peñuelas et al., 2011; Loader et al., 2011; Saurer et 52 

al., 2014; Frank et al., 2015; Köhler et al., 2016). 53 

 54 

Among all stable isotopes, the hydrogen isotopes protium (1H) and deuterium (2H, or D) exhibit 55 

the largest relative mass difference. As a result, hydrogen isotope effects are normally 56 

considerably larger than isotope effects of other elements (Melander & Saunders, 1980). Thus, 57 

from the physics point of view, hydrogen isotope compositions of plant compounds (commonly 58 

expressed in terms of δD) have a remarkable potential to further our knowledge about plant 59 

physiological and environmental processes. However, current plant δD models fail to predict 60 

the entire body of available empirical data (Waterhouse et al., 2002). Therefore, hydrogen 61 

isotopes, in contrast to carbon and oxygen isotopes, have not yet evolved into standard tools 62 

within the plant and Earth sciences. 63 

 64 

Current δD models of plant organic matter exhibit three main components: (i) the δD 65 

composition of plant water sources, (ii) leaf water D enrichment, and (iii) metabolic 66 

fractionations. (i) Plants take up soil water through roots. In most plants, this uptake and water 67 

transport through the xylem into leaves occurs without detectable δD shifts (Cernusak et al., 68 

2016). In addition, leaf water exchanges with atmospheric water vapour through stomata. Thus, 69 

leaf water inherits the δD compositions of both soil water and atmospheric water vapour 70 

(Cernusak et al., 2016). (ii) Stomatal evaporation causes D enrichments in leaf water. 71 

Adaptations of the Craig-Gordon model describe this process at the site of evaporation (Craig 72 

& Gordon, 1965; Flanagan et al., 1991; Farquhar et al., 2007). In a comprehensive series of gas 73 

exchange experiments over a range of isotopic and humidity conditions far exceeding natural 74 

conditions, Roden and Ehleringer (1999a) confirmed the robustness of a model that 75 

approximates leaf water D enrichment (Flanagan et al., 1991). Similarly, on an extensive δD 76 

dataset of leaf waters from very dry to very wet field sites, Kahmen et al. (2013) confirmed the 77 

robustness of the precise δD enrichment model (Farquhar et al., 2007). Reanalysing this latter 78 

dataset, Cernusak et al. (2016) reported a goodness of fit of R2=0.92 (n=332) between modelled 79 

and measured δD data. These successful tests for robustness of leaf water δD models strongly 80 
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suggest that inconsistencies between modelled and measured δD values of plant organic matter 81 

as reported by Waterhouse et al. (2002) derive from processes that occur downstream of leaf 82 

water D enrichment, i.e., from fractionating metabolic processes. (iii) To predict δD values of 83 

tree-ring cellulose, Roden et al. (2000) expanded a leaf water δD model (Flanagan et al., 1991) 84 

by a term accounting for δD changes due to the partial reincorporation of hydrogen from xylem 85 

water during cellulose biosynthesis (=heterotrophic hydrogen exchange). Furthermore, Roden 86 

et al. (2000) added two constants accounting for D fractionations by unspecified autotrophic 87 

and heterotrophic metabolic processes. Roden and Ehleringer (1999b, 2000) confirmed the 88 

robustness of their model for greenhouse- and field-grown riparian trees with good access to 89 

water. A robustness test by Waterhouse et al. (2002) on tree rings of Quercus robur from a dry 90 

site failed. These latter authors suggested that modelling metabolic fractionations as constants 91 

may be inadequate. 92 

 93 

All hydrogen positions of leaf-level metabolites inherit D fractionation signals present in leaf 94 

water, the hydrogen source of metabolism. By contrast, metabolic reactions cause D 95 

fractionations at specific–intramolecular–hydrogen positions that are directly or indirectly 96 

involved in the reaction mechanism (Schmidt et al., 2015). Such fractionations are known to 97 

result in pronounced δD differences among hydrogen positions within a metabolite (Martin et 98 

al., 1986; Schleucher, 1998; Schmidt et al., 2003). In addition, it is now known that metabolic 99 

δD variability can occur at a given intramolecular hydrogen position (Schleucher, 1998). 100 

Specifically, δD changes at H6 of plant leaf glucose were shown to reflect changes of the 101 

photorespiration-to-photosynthesis ratio (Schleucher, 1998; Ehlers et al., 2015). Moreover, 102 

growing six C3 species at ambient CO2 concentrations of 280 and 150 ppm, Cormier et al. 103 

(2018) reported whole-molecule δD differences of ≈20‰ (on average) in leaf α-cellulose 104 

caused by so far unknown fractionating metabolic processes. This shows that the predictive 105 

abilities of plant δD models will improve by accounting for variability in metabolic 106 

fractionations. To this end however, underlying mechanisms need to be elucidated. 107 

 108 

Since deuterium fractionations by metabolic processes occur at specific hydrogen positions 109 

within molecules, conventional whole-molecule isotope data have a limited interpretability. For 110 

instance, not knowing the intramolecular location of metabolic fractionation impedes attempts 111 

to elucidate its enzymatic origin. In addition, if located at a single hydrogen position, a ≈20‰ 112 

whole-molecule effect as reported by Cormier et al. (2018) scales up to ≈140‰ because glucose 113 

monomers of α-cellulose have seven H-C positions (Fig. 1). For a better understanding of 114 
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metabolic fractionations and underlying processes in highly relevant systems (plant archives), 115 

we here analysed intramolecular D abundances in tree-ring glucose of the gymnosperm Pinus 116 

nigra. 117 

Material and Methods 118 

Site and samples 119 

The sampling site and samples were described previously (SI 1) (Leal et al., 2008; Wieloch et 120 

al., 2018). 121 

 122 

Intramolecular deuterium measurements 123 

Intramolecular D abundances were measured following a published protocol (Betson et al., 124 

2006). Quantitative D NMR spectra were recorded using an AVANCE III 850 with a cryogenic 125 

probe optimised for D detection and 19F lock (Bruker BioSpin GmbH, Rheinstetten, Germany). 126 

Relative intramolecular D abundances were determined by signal deconvolution using 127 

Lorentzian line shape fits in TopSpin 4 (Bruker BioSpin GmbH, Rheinstetten, Germany). 3,6-128 

anhydro-1,2-O-isopropylidene-α-D-glucofuranose has six methyl-group hydrogens which were 129 

introduced during derivatisation and derive from a common batch of acetone. We used their 130 

average D abundance as reference to compare glucose D abundances of tree-ring samples from 131 

different years. Thus, we expressed tree-ring data as δDi=(Di/(ΣDME/6)-1)*103 with Di and DME 132 

denoting relative D abundances at glucose H-C positions (Fig. 1) and the methyl-group 133 

hydrogens, respectively. Note that i corresponds to the H-C designation of glucose, not its 134 

derivative used for NMR measurements. 135 

 136 

Metabolic fractionation at glucose H1 and H2, εmet 137 

We estimated metabolic fractionation at glucose H1 and H2 combinedly as εmet=(1/2Σ(D1, 138 

D2)/1/5Σ(D3, D4, D5, D6S, D6R)-1)*103. This procedure maximises metabolic fractionation 139 

signals located at H1 and H2 and minimises signals of fractionating processes that affect all H-140 

C positions equally, such as leaf water D enrichment, or similarly, such as the soil water D 141 

abundance. 142 

 143 

Environmental data 144 

Monthly resolved data of precipitation, air temperature, sunshine duration, global radiation, and 145 

relative humidity were measured at the climate station Hohe Warte (WMO ID: 1103500). Air 146 

vapour pressure deficits were calculated according to standard procedures. We used monthly 147 
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resolved datasets of the self-calibrating Palmer drought severity index and the standardised 148 

precipitation-evapotranspiration index for 48.25N, 16.25E (Wells et al., 2004; Vicente-Serrano 149 

et al., 2010). Annual atmospheric CO2 concentrations were measured at the Mauna Loa 150 

observatory, Hawaii by Pieter Tans (NOAA/ESRL, USA) and Ralph Keeling (Scripps 151 

Institution of Oceanography, USA). Both the selected grid point and climate station are no more 152 

than a horizontal distance of 15 km from the sampling site with a negligible vertical offset. CO2 153 

is well mixed in the atmosphere. Thus, all data should represent the site conditions well. 154 

 155 

Variance contribution of δDi to δDg 156 

We calculated the variance contribution of each δDi to δDg as follows (Fig. 2d). With 157 

δDg=1/7ΣδDi, the variance of δDg equals the covariance average between δDi and δDg as 158 

Var(δDg)=1/7ΣCov(δDi, δDg). Thus, percent variability contributions of δDi to δDg are given 159 

as VCi=1/7Cov(δDi, δDg)/Var(δDg)*100. For this calculation we only used years without any 160 

missing data (n=8*25, see outlier treatment above). 161 

 162 

Statistical analyses 163 

Hierarchical cluster analysis was performed using the R function hclust() of the STATS 164 

package on z-scores of δDi using Euclidean distances and Ward's fusion criterion for cluster 165 

formation (n=7*31). Mood’s median tests were performed using the R function median_test() 166 

of the COIN package. Batch change point analysis based on the non-parametric Mann-Whitney-167 

Wilcoxon test was performed using the R function detectChangePointBatch() of the CPM 168 

package (Ross, 2015). Multiple linear regression modelling was performed using the R function 169 

lm() of the STATS package. Change point regression modelling (step type) was performed 170 

using the R function chngptm() of the CHNGPT package (Fong et al., 2017). Statistical 171 

significances of the change point and the change point model were calculated using the R 172 

functions chngpt.test() of the CHNGPT package and lrtest() of the LMTEST package, 173 

respectively. 174 

Results 175 

Data and site description 176 

To better understand metabolic fractionations, we measured intramolecular D abundances at all 177 

seven H-C positions of glucose extracted across an annually resolved Pinus nigra tree-ring 178 

series (Fig. 1). Our timeseries covers the period 1961 to 1995 but lacks data for 1977, 1978, 179 

1981 and 1982. Hence, the raw dataset consists of seven intramolecular δDi timeseries each 180 
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comprising 31 observations (n=7*31=217). In addition, we derived the molecular average 181 

timeseries, δDg (n=31). Samples were taken at a site in the Vienna basin (Austria) with very 182 

dry and shallow soil, an open canopy, and apparently low competition among trees (Strumia et 183 

al., 1997; Wimmer et al., 2000; Leal et al., 2007, 2008; Wieloch et al., 2018). Sampling targeted 184 

dominant trees with drought habitus. 185 

 186 

In preparation of our data analysis, we performed an outlier analysis. Outliers can potentially 187 

impair statistical analyses because they may reflect either experimental errors or extreme states 188 

of the system. Since we were interested in the normal functioning of plant metabolism and 189 

metabolic fractionation, we removed outliers to ensure robust results. We identified outliers in 190 

δDi timeseries as values that were 1.5 times the interquartile range below the first or above the 191 

third quartile. We removed one data point each from δD4 and δD5 (n=30), three data points from 192 

δD6R (n=28) and five data points from δD6S (n=26) resulting in six missing data points in δDg 193 

(n=25). Average standard errors of δDi and δDg measurements are 5.4‰ and 3.4‰, 194 

respectively. 195 

 196 

δD1 and δD2 reflect highly variable and closely related metabolic processes 197 

Intramolecular D abundances of Pinus nigra tree-ring glucose differ among H-C positions 198 

(Figs. 1, 2b, and S2b). Medial intramolecular differences exceed 225‰ (δD1 vs. δD6S) and 199 

differences of similar magnitude have been reported previously (Schleucher, 1998; Schleucher 200 

et al., 1999; Augusti et al., 2006, 2008; Betson et al., 2006; Ehlers et al., 2015). This shows 201 

that metabolic fractionations, being position-specific, have strong effects. Interestingly, in some 202 

years, intramolecular δD differences approach 450‰ (Fig. S2b). Thus, metabolic fractionations 203 

are highly variable on the interannual scale. 204 

 205 

Hierarchical cluster analysis (HCA) groups timeseries according to co-variability. Timeseries 206 

carrying common signals, i.e., information about a common process or strongly related 207 

processes, form clusters. Performing HCA on our δDi dataset, we found a strong separation 208 

between a cluster comprising δD1 and δD2 and a cluster comprising δD3 to δD6R (Fig. 2a). In 209 

addition, we found separations within the δD3 to δD6R cluster, with δD4 showing the highest 210 

degree of independency. Thus, δDi timeseries carry information about several ecophysiological 211 

processes. 212 

 213 
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While δD3 to δD6R exhibit similar degrees of variability (Fig. 1; SD=±10.5‰ to ±16.8‰, 214 

range=42‰ to 63‰, n=26 to 31), δD2 varies considerably (SD=±91.8‰, range=300‰, n=31) 215 

and δD1 is also relatively variable (SD=±28.4‰, range=99‰, n=31). Increased D variability at 216 

two out of seven H-C positions suggests that metabolic fractionations occur at these positions, 217 

H1, and H2.  218 

 219 

To further investigate this, we performed HCA on annual δDi patterns and found two groups 220 

(SI 2). Figure 2b shows the arithmetic average patterns of both groups. While δD3 to δD6R 221 

values remain comparably constant under all conditions experienced by the trees, δD1 and δD2 222 

separate annual δDi patterns into a low-value group (black, n=22) and a high-value group 223 

(green, n=9). According to one-tailed Student’s t-tests, δD1 and δD2 increases are statistically 224 

significant (δD1: 54‰ on average, p<10-9; δD2: 186‰ on average, p<10-4). According to one-225 

tailed Mood’s median tests, median increases are statistically significantly as well (p<.001). 226 

Since differences in δDi patterns reflect differences in metabolism, this finding confirms that 227 

glucose H1 and H2 carry metabolic fractionation signals. Underlying metabolic processes are 228 

closely related (Fig. 2a). 229 

 230 

Since the high-value group exhibits more pronounced intramolecular δDi patterns than the low-231 

value group (Figs. 2b, and S2b), metabolic shifts are probably associated with high δD1 and 232 

δD2 values. To further investigate this, we performed major axis regression analysis on low and 233 

high δD1 and δD2 values (Fig. 2c, black and green circles, respectively). Compared to ordinary 234 

least squares regression analysis, major axis regression analysis yields truer parameter estimates 235 

when x-variable data contain significant relative errors as is the case here for low-value data. 236 

For low values, we found a slope of ≈0.81 with a 95% confidence interval of ≈0.60 to ≈1.07 237 

(n=22), i.e., δD1 and δD2 increase at a ≈1:1 ratio. For high values, we found a slope of ≈0.16 238 

with a 95% confidence interval of ≈0.07 to ≈0.25 (n=9), i.e., δD1 and δD2 increase at a ≈1:6 239 

ratio. Non-metabolic fractionation processes have equal effects on all δDi and can be expected 240 

to yield slopes=1. Thus, while δD1 and δD2 variability in the low-value range is consistent with 241 

non-metabolic fractionation processes, high values reflect additional effects by metabolic 242 

fractionation processes. 243 

 244 

Metabolism changes in response to dry conditions after a change point is crossed 245 

In general, the fractionating metabolic processes may be under developmental control. 246 

However, formation of tree rings analysed here occurred when the trees had reached a stable 247 
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canopy position. On average, tree-ring width measurements of the samples reach back to 1865 248 

(range: 1840 to 1918) and δDi timeseries start at 1961. Thus, the fractionating metabolic 249 

processes can be expected to be controlled by environmental parameters. In the following, these 250 

are elucidated in six steps which motivate two integrated isotope-environment models presented 251 

subsequently. 252 

 253 

Step 1. Increases of metabolic fractionations at glucose H1 and H2 are temporally confined to 254 

the second part of the study period (Fig. 2c, 1983 to 1993). This may indicate the presence of a 255 

response change point. To test this, we estimated the average metabolic fractionation at glucose 256 

H1 and H2, εmet, (see ‘Material and Methods’) and performed a batch change point analysis 257 

based on the non-parametric Mann-Whitney-Wilcoxon test (Ross, 2015). We found a change 258 

point at 1980 (p<.001, n=31) showing that the observed frequency distribution of εmet (Fig. S3a) 259 

does not align with the properties of a single theoretical probability distribution. That is, εmet 260 

data of 1961 to 1980 and 1983 to 1995 follow different probability distributions (1981 and 1982 261 

are missing). Thus, the εmet timeseries exhibits a change point beyond which the fractionating 262 

metabolic processes are activated or upregulated. 263 

 264 

Step 2. Upregulation of the fractionating metabolic processes occurs beyond a change point. 265 

Below the change point, environmental variability exerts no control (Fig. 2c, 1:1 ratio). To 266 

investigate when the change point is crossed, we correlated εmet with different climate 267 

parameters: air vapour pressure deficit, VPD; precipitation, PRE; the self-calibrating Palmer 268 

drought severity index, PDSI (Wells et al., 2004); air temperature, TMP; sunshine duration, SD; 269 

global radiation, RAD; atmospheric CO2 concentrations, Ca; and the standardised precipitation-270 

evapotranspiration index, SPEI (Vicente-Serrano et al., 2010). Since εmet does not follow a 271 

normal distribution (Fig. S3a), we calculated Spearman’s rank correlation coefficient, ρ. Our 272 

analysis included four time periods: January to December, year; March to May, spring; March 273 

to November, growing season (Wieloch et al., 2018); and June to July, summer. For most 274 

periods, we found significant positive correlations of εmet with VPD and significant negative 275 

correlations with PDSI and SPEI (Table 1). High VPD, low PDSI, and low SPEI correspond to 276 

dry conditions. Thus, the results indicate that upregulation of the fractionating metabolic 277 

processes (high εmet) occurs in response to dry conditions. This response is consistent with the 278 

reported positive offsets between measured tree-ring δD data of Quercus robur from a dry site 279 

and model predictions that assume 43% heterotrophic hydrogen exchange (Waterhouse et al., 280 

2002) as reported for the same genus (Augusti et al., 2006). 281 
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 282 

Step 3. SPEI can be calculated for different timescales reflecting different drought types 283 

(Vicente-Serrano et al., 2010). While short timescales chiefly reflect variability in soil moisture, 284 

long timescales reflect variability in groundwater storage (Vicente-Serrano et al., 2010). To 285 

investigate effects of different drought types on the fractionating metabolic processes, we 286 

correlated εmet with SPEI calculated for timescales of 1, 3, 4, 6, 8, 12, 16, 24, 36, and 48 months. 287 

We found increasing correlation coefficients from short to long timescales indicating that long-288 

term drought reflecting depleted groundwater storage promoted upregulations of the 289 

fractionating metabolic processes (Table 1). Long-term drought events have a low temporal 290 

frequency (Vicente-Serrano et al., 2010). This may explain why upregulations of the 291 

fractionating metabolic processes occurs not scattered over the entire study period but over 292 

consecutive years during the second half of the study period (Fig. 2c). 293 

 294 

Step 4. In addition to correlations indicative of drought control, we found a significant positive 295 

correlation between εmet and Ca (Table 1) which, most likely, constitutes a pseudocorrelation 296 

resulting from intercorrelation between Ca and long-term drought (Pearson correlation between 297 

Ca and the growing season 48-months SPEI: r=-0.83, p<10-7, n=31). For the year and spring, 298 

we found significant positive correlations between εmet and TMP (Table 1). Thus, air 299 

temperature may contribute to upregulations of the fractionating metabolic processes. 300 

Alternatively, the TMP correlation may be explained by intercorrelation with drought 301 

parameters. Furthermore, we considered pathogens as cause for upregulations of the 302 

fractionating metabolic processes. The Research Centre for Forests (Vienna, Austria) closely 303 

monitors and reports on pathogen status. To our knowledge, there are no reports of major 304 

damage by pathogens for the studied Pinus nigra stand during the 1980’s and early 1990’s. 305 

Thus, significant effects of pathogens on upregulations of the fractionating metabolic processes 306 

are unlikely. Similarly, effects by forest management interventions are unlikely since the stand 307 

is not used economically (Leal et al., 2008). Effects by air pollutants could not be assessed due 308 

to limited data availability. 309 

 310 

Step 5. Analysing expressions of SPEI values enables assessments of drought severity as ≥-311 

0.49, non-drought; -0.5 to -0.99, mild drought; -1 to -1.49, moderate drought; -1.5 to -1.99, 312 

severe drought; and <-2, extreme drought (McKee et al., 1993; Paulo et al., 2012). To assess 313 

the magnitude of the drought shift indicated by correlation, we plotted the growing-season 48-314 

months SPEI as function of time (Fig. 3a). Trendline analysis shows a significant increase in 315 
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drought severity with a long-term shift from “non-drought” from 1961 to 1978, to “mild 316 

drought” from 1979 to 1988, to “moderate drought” from 1989 to 1995 (R2=0.69, p<10-9, n=35). 317 

Thus, upregulations of the fractionating metabolic processes in between 1983 and 1993 318 

occurred when the study region experienced mild to moderate drought. Note that actual 319 

conditions at the site may have deviated from regional conditions plotted in figure 3a. 320 

 321 

Step 6. Figure 3a indicates that during the growing seasons of 1994 and 1995 groundwater 322 

storage was exceptionally low. However, this did not result in significant upregulations of the 323 

fractionating metabolic processes (Fig. 2c). Therefore, we hypothesise that the long-term 324 

depletion of the groundwater storage below a critical level is merely setting the stage for 325 

upregulation and that secondary climate factors exert control on shorter timescales. To 326 

investigate this, we repeated the εmet-climate-correlation analysis with data of the second half 327 

of the study period, 1983 to 1995. We justify this data selection as follows. In 1983, 328 

upregulation of the fractionating metabolic processes occurred for the first time (Fig. 2c). From 329 

1983 to 1995, long-term groundwater storage kept decreasing (Fig. 3a, dotted black line). Thus, 330 

it can be expected that site conditions during this period were generally favourable for 331 

upregulation. Before 1983, groundwater storage was higher and may thus have rendered the 332 

upregulation impossible (Fig. 3a). In this scenario, control by secondary climate factors would 333 

have been impossible and considering their variability would impair correlation results. Since 334 

the selected subset of εmet (1983 to 1995) follows a normal distribution (Fig. S3b), we calculated 335 

Pearson correlation coefficients, r. We found significant negative correlations between εmet and 336 

PRE (Table 2). Under generally dry conditions, low precipitation can be expected to result in 337 

low soil moisture. Thus, the results indicate that upregulations of the fractionating metabolic 338 

processes (high εmet) occurred in response to short-term depletions in soil moisture when 339 

groundwater storage was below the critical level. In this respect, it is noteworthy that Pinus 340 

nigra reportedly has a well-developed lateral root system in upper soil layers to access soil 341 

water but can additionally tap into deep water sources if available (Stokes et al., 2002; Peñuelas 342 

& Filella, 2003). Furthermore, we found a significant negative correlation between εmet and 343 

annual Ca (Table 2). This correlation is not explained by intercorrelation between Ca and long-344 

term drought (Pearson correlation between Ca and the growing season 48-months SPEI: r=-345 

0.39, p>.1, n=13). Thus, the result indicates that high atmospheric CO2 concentrations 346 

counteracted upregulations of the fractionating metabolic processes (high εmet) when 347 

groundwater storage was below the critical level. 348 

 349 
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Model 1. To further corroborate the existence of a response change point (step 1), and the 350 

requirement of a depletion in groundwater storage (steps 2, and 3) for the manifestation of 351 

effects by secondary climate factors (step 6) we modelled two εmet groups as functions of PRE 352 

and Ca as εmet=α1+α2PRE+α3Ca. While the first group includes data of 1961 to 1982 353 

corresponding to high groundwater storage, the second group includes data of 1983 to 1995 354 

corresponding to low groundwater storage (Fig. 3a). For the latter group, we found adequate 355 

linear models including, as explanatory variables, spring PRE and annual Ca (R
2=0.74, p<.01, 356 

n=13), and summer PRE and annual Ca (R
2=0.78, p<.001, n=13). The most adequate model we 357 

found includes summed spring and summer PRE and annual Ca (R2=0.87, p<10-4, n=13, 358 

α1=1801.97, α2=-0.566, α3=4.1851; see Figs. S4a, and b for bivariate relationships of εmet with 359 

PRE and Ca, respectively). Both PRE and Ca contributed significantly to all models (p<.05). 360 

For εmet data of the first group, 1961 to 1982, the most adequate model has no explanatory power 361 

(p>.1, n=18). Modelling εmet by the most adequate model works well for the second group, 1983 362 

to 1995, yet produces large offsets between all measured and modelled values of the first group 363 

(Fig. 3b). This corroborates that (i) a response change point exists, and (ii) the manifestation of 364 

effects by secondary climate factors requires a depletion in groundwater storage. Furthermore, 365 

it should be noted that the most adequate model accounts well for low εmet values in 1994 and 366 

1995 (Fig. 3b). During these years, groundwater storage was exceptionally low, yet PRE and 367 

Ca were high (Figs. 3a, S4a, and S4b). Thus, depleted groundwater storage alone does not 368 

necessarily lead to an upregulation of the fractionating metabolic processes. High precipitation 369 

during spring and summer as well as high atmospheric CO2 concentrations exert counteracting 370 

effects. 371 

 372 

Model 2. Above, we present evidence for several properties of εmet of Pinus nigra tree-ring 373 

glucose. To test these properties in an integrated way and to estimate the change point value, 374 

we fitted a change point model to the entire dataset (Fong et al., 2017). It takes the form 375 

εmet=β1+β2z1+β3z2+β4I(x>e)+β5z1I(x>e)+β6z2I(x>e) where β1 to β6 are model coefficients, z1 is 376 

March to June precipitation, z2 is annual atmospheric CO2 concentration, x is the trend of the 377 

growing season 48-months SPEI used as change point variable (Fig. 3a, dotted black line), and 378 

e is the change point value. If x>e then I(x>e) equals 1, else I(x>e) equals 0. The fitted model 379 

explains 94% of the variability in εmet and is highly significant (p<10-15, n=31). All explanatory 380 

variables and the change point contribute significantly (Table 3). The estimated change point is 381 

at -0.7 ± 0.05SE corresponding to mild long-term drought (p<10-15, Table 3, Fig. 3a). The 382 

presence/absence and directionality of modelled εmet relationships with precipitation and 383 
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atmospheric CO2 concentration agree with results given above (Tables 1-3). In contrast to the 384 

model without response change point (Fig. 3b), the change point model captures the variability 385 

of the entire εmet dataset (Fig. 3c). Thus, this integrated change point model confirms the 386 

following findings. First, εmet exhibits a response change point. Below this change point, εmet is 387 

largely constant with values of ≈96‰. Above the change point, εmet variability is high. Second, 388 

crossing the response change point requires a decrease in groundwater storage below a critical 389 

level. Third, March to July precipitation reflecting soil moisture and annual atmospheric CO2 390 

concentration govern εmet variability on short timescales when groundwater storage is below 391 

the critical level. 392 

 393 

Variability in δDg is predominantly controlled by fractionating metabolic processes 394 

Metabolic fractionations in δD1 and δD2 have a strong weight on whole-molecule D variability, 395 

δDg. Variance partitioning shows that δD1 and δD2 together account for 71% of the variance in 396 

δDg (Fig. 2d). By contrast, δD3 to δD6R each account for 5.8% on average. Assuming the 397 

variability in δD3 to δD6R reflects the combined influence of known fractionation processes 398 

affecting all δDi, such as leaf water D enrichment, metabolic fractionations in δD1 and δD2 399 

together account for 59.4% of the variance in δDg (71%-2*5.8%). When years affected by 400 

metabolic fractionation are considered exclusively (green dots in Fig. 2c), metabolic 401 

fractionations in δD1 and δD2 together account for 74.2% of the variance in δDg (SI 5). After 402 

excluding the period affected by metabolic fractionation from the analysis (1983 to 1995), all 403 

δDi exhibit similar degrees of variance and contribute similarly to δDg (SI 6) consistent with 404 

expectations related to known fractionation processes. Thus, in the present case, δDg variability 405 

is predominantly controlled by fractionating metabolic processes unaccounted for in current 406 

models. 407 

 408 

Altered metabolism is associated with below-average yet not exceptionally low growth 409 

Metabolic changes as reflected by changes in metabolic fractionation may impact on growth. 410 

To test this, we investigated the relationship between εmet and tree-ring width. We found that 411 

when the fractionating metabolic processes were upregulated, significantly more narrow tree 412 

rings were formed compared to when they were downregulated (Fig. 3d, one-tailed t-test: green 413 

vs. black circles, 0.75 vs. 0.99 mm, p<.05, n=9 and 22). Thus, altered metabolism is associated 414 

with below-average growth. However, equally narrow tree rings were formed in >50% of the 415 

years in which the fractionating metabolic processes were downregulated (Fig. 3d; tree-ring 416 
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widths <0.99 mm, n=12). Thus, upregulations of the fractionating metabolic processes are not 417 

associated with exceptional growth declines. 418 

Discussion 419 

The role of leaf intercellular CO2 concentrations 420 

Upregulations of the fractionating metabolic processes occur in response to drought, yet high 421 

atmospheric CO2 concentrations exert counteracting effects (Tables 1-3, Figs. 3a-c). Isohydric 422 

plant species such as Pinus nigra respond to drought by closing their stomata (Sade et al., 2012). 423 

This impedes CO2 uptake and promotes low intercellular CO2 concentrations, Ci. By contrast, 424 

increasing Ca promotes increasing Ci. Thus, upregulations of the fractionating metabolic 425 

processes may be mediated by low Ci. In principle, whole-molecule stable carbon isotope ratios 426 

of plant organic matter, δ13C, enable Ci estimations because 13C fractionation during carbon 427 

uptake is related to Ci/Ca (Farquhar et al., 1982; Evans et al., 1986). However, processes that 428 

are independent of carbon uptake fractionation exert strong control over δ13C values of the 429 

samples studied here (Wieloch et al., 2018, 2021a,b). Therefore, we decided against using δ13C-430 

derived Ci estimates to test this hypothesis. 431 

 432 

εmet: An isotope biomarker reports metabolic changes and drought 433 

Here, we report an isotope biomarker (εmet) reflecting changes in plant metabolism. The two-434 

state property is this biomarker’s unique feature enabling unambiguous identification of 435 

alternate metabolic states. By contrast, other biomarkers develop in a purely continuous manner 436 

with indistinct transitions between states hindering attempts to ascertain plant functioning. 437 

While the mechanisms behind other biomarkers in plant archives often remain elusive, εmet can 438 

be linked to specific physiological processes (see below). Upon their elucidation, εmet may help 439 

to find plants with the makeup to support crucial ecosystem services such as food and resource 440 

security. 441 

 442 

In Pinus nigra studied here, atmospheric CO2 concentrations and drought exert control over 443 

εmet (Tables 1-3, Figs. 3a-c). Since past atmospheric CO2 concentrations are known, εmet of tree-444 

ring glucose may become a powerful proxy of drought affecting plant metabolism. Pinus nigra 445 

can access water from upper soil layers as well as from deep water sources (Stokes et al., 2002; 446 

Peñuelas & Filella, 2003). Accordingly, metabolic responses to short-term drought events 447 

require a groundwater depletion (Tables 1-3, Figs. 3a-c). Thus, εmet of Pinus nigra reports long-448 

term drought events. However, tree species differ in their capabilities to access groundwater 449 

.CC-BY 4.0 International licensemade available under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 23, 2021. ; https://doi.org/10.1101/2021.07.22.453377doi: bioRxiv preprint 

https://doi.org/10.1101/2021.07.22.453377
http://creativecommons.org/licenses/by/4.0/


15 
 

storages and hence in their susceptibility to different drought types. Thus, species with or 450 

without groundwater access may provide information about long and short-term drought events, 451 

respectively. 452 

 453 

Stable isotope methodology 454 

Independent D signals identified at the intramolecular level constitute independent channels of 455 

physiological and environmental information (Fig. 2a). For instance, positive correlations 456 

between leaf water D enrichment (affecting all glucose H-C positions equally) and drought are 457 

common (Cernusak et al., 2016). Here, we report positive correlations between metabolic D 458 

enrichments at tree-ring glucose H1 and H2, εmet, and drought (Tables 1-3, Figs. 3a-c). Thus, 459 

these processes have overlapping effects and signal deconvolution requires the intramolecular 460 

approach. Therefore, we recommend the use of intramolecular rather than whole-molecule D 461 

analysis. This may enable the deconvolution of information about source water D abundance, 462 

leaf water D enrichment, heterotrophic hydrogen exchange, the photorespiration-to-463 

photosynthesis flux ratio, and metabolic processes introducing signals reported here. 464 

Additionally, intramolecular D analysis may yield deconvoluted information about 465 

environmental and developmental controls of these processes. Particularly promising may be 466 

the development of methodology combining intramolecular carbon and hydrogen isotope 467 

abundances. 468 

 469 

Stable isotope analysis on plant archives such as tree rings may convey information (inter alia) 470 

about plant acclimation and adaptation, and paleoclimate trends. This long-term perspective is 471 

inaccessible to manipulation and monitoring experiments yet crucial for the development of 472 

strategies to cope with climate change and overpopulation. The better we understand plant 473 

isotope fractionation, the more and the more precise information can be retrieved from archives. 474 

The present paper and recent studies on intramolecular 13C/12C signals (Wieloch et al., 2018, 475 

2021a,b) show that there is much room for improvement. Thus, we recommend pushing the 476 

development of intramolecular and dual-isotope methodology. 477 

 478 

Current δD models describe metabolic fractionations as being constant (Roden et al., 2000). As 479 

shown here, this is inadequate for plants grown under dry conditions where metabolic 480 

fractionations can exert predominant control over whole-molecule δD variability (Fig. 2d). 481 

Thus, to model plant D abundances over the whole range of environmental conditions, 482 
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metabolic fractionations need to be incorporated as variables which requires detailed 483 

knowledge about underlying processes. 484 

 485 

Known metabolic fractionation processes cannot explain the signals reported here. 486 

Fractionation related to the photorespiration-to-photosynthesis ratio is located at glucose H6 487 

(Schleucher, 1998; Ehlers et al., 2015). Moreover, Picea abies reportedly exhibits similar 488 

hydrogen exchange rates at tree-ring glucose H1 and H2 (≈40%) (Augusti et al., 2006). Since 489 

Pinus nigra as a close relative can be expected to behave similarly, heterotrophic hydrogen 490 

exchange at these positions cannot cause pronounced deviations from slope=1 as observed for 491 

the δD1-δD2 regression (Fig. 2c). Therefore, we will now derive experimentally testable theories 492 

on the metabolic origins of the fractionation signals reported here. 493 

 494 

Isotope fractionation related to sucrose-to-starch carbon partitioning 495 

We report a large metabolic fractionation signals at tree-ring glucose H2 (εmet at H2: SD≈±79‰, 496 

range≈260‰, n=31) which occurs upon the crossing of a response change point (Figs. 3a-c). 497 

At the leaf level, tree-ring glucose has two metabolic precursors, chloroplast starch and 498 

cytosolic sucrose. Growing Phaseolus vulgaris and Spinacia oleracea under optimal 499 

conditions, Schleucher et al. (1999) reported D depletions at glucose H2 of leaf starch relative 500 

to sucrose of -333‰ and -500‰, respectively. This difference can be expected to contribute to 501 

the signal at tree-ring glucose H2 via changes in sucrose-to-starch carbon partitioning as 502 

follows. 503 

 504 

In plant leaves, net assimilated carbon is partitioned primarily into starch and sucrose (Fig. 4). 505 

Sucrose-to-starch carbon partitioning is controlled primarily by the rate of carbon assimilation 506 

(Sharkey et al., 1985). Secondary control is exerted by Ci (Sharkey et al., 1985), light (Sharkey 507 

et al., 1985; Quick et al., 1989), and water availability (Quick et al., 1989, 1992; Vassey & 508 

Sharkey, 1989). Sucrose-to-starch carbon partitioning ratios were shown to increase with 509 

decreasing assimilation rates (Sharkey et al., 1985), decreasing Ci (Sharkey et al., 1985), 510 

decreasing light (Sharkey et al., 1985; Quick et al., 1989), and increasing drought (Quick et al., 511 

1989, 1992; Vassey & Sharkey, 1989). Reported responses are functionally coherent and 512 

qualitatively consistent across all species studied (Phaseolus vulgaris (Sharkey et al., 1985; 513 

Vassey & Sharkey, 1989), Spinacia oleracea (Quick et al., 1989), Lupinus albus (Quick et al., 514 

1992), Helianthus annuus (Quick et al., 1992), Vitis vinifera (Quick et al., 1992), Eucalyptus 515 

globulus (Quick et al., 1992)). Furthermore, responses of sucrose-to-starch carbon partitioning 516 
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to ecophysiological changes reportedly exhibit change points. In leaves of Phaseolus vulgaris, 517 

the sucrose-to-starch carbon partitioning ratio was found to be largely constant at Ci≥150 ppm 518 

yet increases below this change point (from ≈0.5 to ≈4, SI 7) (Sharkey et al., 1985). Thus, as Ci 519 

drops below the change point, the relative contribution of leaf sucrose to tree-ring glucose 520 

biosynthesis can be expected to increase. Thereby, tree-ring glucose H2 will gradually approach 521 

the higher relative D abundance of leaf sucrose. 522 

 523 

Isotope fractionation related to anaplerotic carbon flux into the Calvin-Benson cycle 524 

Metabolic fractionation signals at tree-ring glucose H1 and H2 are closely related (Figs. 2a, and 525 

c). We propose this is due to (i) isotope fractionation related to anaplerotic carbon flux into the 526 

Calvin-Benson cycle (CBC) affecting both positions, and (ii) dependencies of both anaplerotic 527 

carbon flux into the CBC and sucrose-to-starch carbon partitioning on carbon assimilation. 528 

 529 

Proposedly, the CBC is anaplerotically refilled by injection of five-carbon sugar phosphates 530 

from the oxidative branch of the stromal pentose phosphate pathway with glucose 6-phosphate 531 

(G6P) as precursor (Fig. 4) (Sharkey & Weise, 2016). According to these authors, primary flux 532 

control is exerted at the level of stromal PGI which catalyses interconversions between fructose 533 

6-phosphate (F6P) and G6P. Under optimal growth conditions, the PGI reaction is strongly 534 

removed from equilibrium on the side of F6P resulting in low stromal G6P concentrations 535 

(Dietz, 1985; Gerhardt et al., 1987; Kruckeberg et al., 1989; Schleucher et al., 1999). Allegedly, 536 

low G6P concentrations restrict the anaplerotic flux (Sharkey & Weise, 2016). As the carbon 537 

assimilation rate decreases below a change point (e.g., in response to low Ca, Ci, or light), the 538 

stromal PGI reaction shifts towards equilibrium and G6P concentrations increase (SI 8) (Dietz, 539 

1985). With increasing G6P concentrations, anaplerotic flux into the CBC is believed to 540 

increase (Sharkey & Weise, 2016). This involves stromal glucose-6-phosphate dehydrogenase 541 

(G6PD, EC 1.1.1.49), the first enzyme of the pentose phosphate pathway. In the light, G6PD is 542 

downregulated via redox regulation by thioredoxin (Née et al., 2009). However, 543 

downregulation can be allosterically reversed by increasing G6P concentrations (Cossar et al., 544 

1984; Preiser et al., 2019). Thus, as carbon assimilation decreases below a change point, the 545 

PGI reaction shifts towards equilibrium and G6P concentrations increase which may cause 546 

increasing G6PD activity and anaplerotic flux. 547 

 548 

Phaseolus vulgaris and Spinacia oleracea grown under optimal conditions exhibit pronounced 549 

D depletions at glucose H2 of leaf starch relative to sucrose (see above) (Schleucher et al., 550 
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1999). This depletion is caused by the stromal PGI reaction which was found to be more 551 

strongly removed from reaction equilibrium at [G6P]/[F6P]=3.31 than the cytosolic PGI 552 

reaction (Dyson & Noltmann, 1968; Schleucher et al., 1999). Thus, as the stromal PGI reaction 553 

(with decreasing carbon assimilation) shifts towards equilibrium, H2 of stromal G6P and its 554 

derivatives including leaf starch and tree-ring glucose can be expected to become less D 555 

depleted. 556 

 557 

G6PD catalyses the irreversible conversion of G6P to 6-phosphogluconolactone. In vitro, the 558 

reaction was shown to have a strong D isotope effect of α=2.97 (Hermes et al., 1982). Thus, 559 

upregulation of the anaplerotic flux (with decreasing carbon assimilation) can be expected to 560 

cause D enrichments at H1 of stromal G6P and its derivatives. 561 

 562 

Analysis of intramolecular 13C/12C ratios of the samples studied here has already provided 563 

evidence in support of anaplerotic flux into the CBC (Wieloch et al., 2018). These authors 564 

explained a strong common 13C signal at tree-ring glucose C-1 and C-2 by the anaplerotic flux. 565 

For shifts of the PGI reaction towards equilibrium, they predicted 13C/12C increases at C-1 and 566 

C-2 at a ratio of 2.25 and found a ratio of 2.74 (+1.35SE, -0.60SE) confirming their prediction. 567 

Interestingly, the reported ratio is somewhat higher than the predicted ratio yet not significantly. 568 

Still, the offset may be explained by the 13C isotope effect of G6PD (α=1.0165) (Hermes et al., 569 

1982) which can be expected to cause an additional 13C/12C increase at C-1 of stromal G6P and 570 

its derivatives as anaplerotic flux increases. 571 

 572 

Metabolic fractionation signals at H1 and H2: A general phenomenon in C3 plants? 573 

Cormier et al. (2018) grew six phylogenetically diverse angiosperms under varying Ca (grasses: 574 

Arrhenatherum elatius and Festuca rubra, legumes: Trifolium pratense and Lathyrus pratensis, 575 

forbs: Centaurea jacea and Plantago lanceolata; Ca=150, 280, 400, and 800 ppm). For leaf α-576 

cellulose, these authors reported average whole-molecule εmet increases of ≈20‰ in response 577 

to Ca decreases from 280 to 150 ppm yet no significant change above 280 ppm. Hence, their 578 

observations appear to be in line with ours (Tables 1-3, Figs. 3a-c). 579 

 580 

However, our data show an average εmet increase at tree-ring glucose H1 and H2 of up to 150‰ 581 

(Fig. 2b). Assuming ≈40% heterotrophic hydrogen exchanges as observed at these positions in 582 

Picea abies (Augusti et al., 2006), we calculate an undiluted leaf-level increase of ≈250‰ 583 

(150‰/60*100) which corresponds to a whole-molecule increase of ≈70‰ (2*250‰/7). Thus, 584 
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εmet increases in the gymnosperm Pinus nigra are considerably larger than the ≈20‰ 585 

angiosperm average effect reported by Cormier et al. (2018). 586 

 587 

Unfortunately, whole-molecule data have a limited interpretability (cf. ‘Introduction’) and 588 

effects reported by Cormier et al. (2018) may be located at either of the seven H-C positions 589 

within α-cellulose glucose. For instance, a 20‰ whole-molecule effect may reflect a 140‰ 590 

effect at glucose H6 due to a change of the photorespiration-to-photosynthesis ratio (cf. 591 

‘Introduction’). Thus, it remains uncertain whether the fractionation signals reported here occur 592 

generally in C3 plants.  593 
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Table 1 Spearman’s rank correlation coefficients and significance levels for relationships 594 

between εmet and climate parameters within the period 1961 to 1995 (n=31). 595 

 596 

εmet denotes the average deuterium fractionation by metabolic processes at glucose H1 and H2 597 

(±SE=3.5‰, n≥3). Raw data for the calculation of εmet were acquired for tree-ring glucose of 598 

Pinus nigra laid down from 1961 to 1995 at a site in the Vienna basin. Climate parameters: air 599 

vapour pressure deficit, VPD; precipitation, PRE; the self-calibrating Palmer drought severity 600 

index, PDSI (Wells et al., 2004); air temperature, TMP; sunshine duration, SD; global radiation, 601 

RAD; atmospheric CO2 concentrations, Ca; the standardised precipitation-evapotranspiration 602 

index calculated for different timescales (1 to 48 months), SPEI (Vicente-Serrano et al., 2010). 603 

Integration periods for the calculation of climate parameters: January to December, year; March 604 

to May, spring; March to November, growing season (Wieloch et al., 2018); June to July, 605 

summer. Significance levels: <.05, light blue/light pink; <.01, blue/pink; <.001, dark blue/dark 606 

pink.  607 

VPD PRE PDSI TMP SD RAD C a SPEI 1 3 4 6 8 12 16 24 36 48

Year 0.40 0.01 -0.51 0.45 0.12 0.28 0.58 -0.21 -0.25 -0.27 -0.30 -0.37 -0.46 -0.47 -0.58 -0.60 -0.57

Spring 0.54 -0.13 -0.55 0.55 0.09 0.18 --- -0.24 -0.19 -0.15 -0.16 -0.29 -0.34 -0.43 -0.58 -0.54 -0.55

Growing season 0.39 -0.04 -0.50 0.33 0.01 0.24 --- -0.26 -0.21 -0.20 -0.29 -0.31 -0.43 -0.47 -0.59 -0.61 -0.56

Summer 0.28 -0.04 -0.49 0.02 -0.17 0.10 --- -0.09 -0.20 -0.21 -0.25 -0.31 -0.43 -0.41 -0.56 -0.65 -0.55

.CC-BY 4.0 International licensemade available under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 23, 2021. ; https://doi.org/10.1101/2021.07.22.453377doi: bioRxiv preprint 

https://doi.org/10.1101/2021.07.22.453377
http://creativecommons.org/licenses/by/4.0/


21 
 

Table 2 Pearson correlation coefficients and significance levels for relationships between εmet 608 

and climate parameters within the period 1983 to 1995 (n=13). 609 

 610 

εmet denotes the average deuterium fractionation by metabolic processes at glucose H1 and H2 611 

(±SE=3.4‰, n≥3). Raw data for the calculation of εmet were acquired for tree-ring glucose of 612 

Pinus nigra laid down from 1983 to 1995 at a site in the Vienna basin. Climate parameters: air 613 

vapour pressure deficit, VPD; precipitation, PRE; the self-calibrating Palmer drought severity 614 

index, PDSI (Wells et al., 2004); air temperature, TMP; sunshine duration, SD; global radiation, 615 

RAD; atmospheric CO2 concentrations, Ca; the standardised precipitation-evapotranspiration 616 

index calculated for different timescales (1 to 48 months), SPEI (Vicente-Serrano et al., 2010). 617 

Integration periods for the calculation of climate parameters: January to December, year; March 618 

to May, spring; March to November, growing season (Wieloch et al., 2018); June to July, 619 

summer. Significance levels: <.05, light blue; <.01, blue.  620 

VPD PRE PDSI TMP SD RAD C a SPEI 1 3 4 6 8 12 16 24 36 48

Year 0.26 -0.69 -0.51 -0.17 -0.12 -0.34 -0.73 -0.18 -0.20 -0.24 -0.28 -0.28 -0.10 0.03 0.03 -0.04 0.04

Spring 0.52 -0.71 -0.29 0.23 -0.08 -0.19 --- -0.28 -0.01 0.02 -0.08 -0.13 0.20 0.27 0.10 0.07 0.22

Growing season 0.27 -0.67 -0.52 -0.14 0.01 -0.33 --- -0.27 -0.17 -0.20 -0.29 -0.29 -0.18 0.03 0.02 -0.04 0.03

Summer 0.17 -0.67 -0.54 -0.47 -0.30 -0.51 --- -0.39 -0.44 -0.46 -0.31 -0.35 -0.29 -0.05 -0.03 -0.10 0.05
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Table 3 Estimated coefficients of the εmet change point model. 621 

 622 

A change point model of the form εmet=β1+β2z1+β3z2+β4I(x>e)+β5z1I(x>e)+β6z2I(x>e) was fitted 623 

to measured εmet data (R2=0.94, p<10-15, n=31) (Fong et al., 2017). εmet denotes the average 624 

deuterium fractionation by metabolic processes at glucose H1 and H2 (±SE=3.5‰, n≥3). Raw 625 

data for the calculation of εmet were acquired for tree-ring glucose of Pinus nigra laid down 626 

from 1961 to 1995 at a site in the Vienna basin. β1 to β6, z1, z2, x, and e denote six model 627 

coefficients, March to June precipitation, annual atmospheric CO2 concentration, the trend of 628 

the growing season 48-months SPEI used as change point variable (Fig. 3a, dotted black line), 629 

and the change point parameter, respectively. If x>e then I(x>e) equals 1, else I(x>e) equals 0. 630 

SE and CI denote the standard error and confidence interval, respectively. Asterisks mark 631 

estimations which assume that bootstrap sampling followed a normal distribution.  632 

Coefficient Estimate SE* Lower 95% CI Upper 95% CI p-value*

β1 1801.97 479.02 863.10 2740.85 <.001

β2 -0.56599 0.17577 -0.91051 -0.22147 <.01

β3 -4.1851 1.4164 -6.9613 -1.4090 <.01

β4 -1722.11 479.90 -2662.71 -781.51 <.001

β5 0.58782 0.17749 0.23993 0.93571 <.001

β6 4.2138 1.4574 1.3573 7.0703 <.01

e -0.70310 0.05296 -0.80690 -0.59930 <10-15
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 633 

Figure 1 Variability in δD timeseries. δDi and δDg denote timeseries of D abundances at 634 

intramolecular H-C positions in tree-ring glucose (black) and of the whole molecule (red), 635 

respectively. Raw data were acquired for tree-ring glucose of Pinus nigra laid down from 1961 636 

to 1995 at a site in the Vienna basin (δDi: ±SE=5.4‰, n≥3; δDg: ±SE=3.4‰, n≥3). Outliers 637 

were removed prior to analysis (δD1 to δD3: n=31, δD4 and δD5: n=30, δD6S: n=26, δD6R: n=28, 638 

δDg: n=25). Data reference: Average D abundance of the methyl-group hydrogens of the 639 

glucose derivative used for NMR measurements. Insert: Glucose carbon skeleton showing 640 

intramolecular locations of δDi timeseries.  641 
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 642 

Figure 2 (a) Common variability among δDi timeseries detected by Hierarchical Cluster 643 

Analysis (HCA). (b) Intramolecular δDi patterns of the low- and high-value group (black and 644 

green, respectively). (c) Relationship between δD1 and δD2 (overall R2=0.93, p<10-15, n=31). 645 

Dotted lines: Linear major axis regression models showing that δD1 and δD2 increase at a 1:1 646 

ratio at low values (black) and at a 1:6 ratio at high values (green). (d) Percent contributions of 647 

δDi to the variance in δDg. δDi and δDg denote timeseries of D abundances at intramolecular H-648 

C positions in tree-ring glucose and of the whole molecule, respectively. Raw data were 649 

acquired for tree-ring glucose of Pinus nigra laid down from 1961 to 1995 at a site in the Vienna 650 

basin (δDi: ±SE=5.4‰, n≥3; δDg: ±SE=3.4‰, n≥3). Outliers were removed prior to analysis 651 

(δD1 to δD3: n=31, δD4 and δD5: n=30, δD6S: n=26, δD6R: n=28, δDg: n=25). Low- and high-652 

value group identified by HCA (SI 2). Figure 2b shows discrete data. Dashed lines added to 653 
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guide the eye. The variance partitioning analysis (2d) is based on years without missing data 654 

(n=8*25). Data reference: Average D abundance of the methyl-group hydrogens of the glucose 655 

derivative used for NMR measurements.  656 
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 657 

Figure 3 (a) Long-term development of growing season drought in the study region. Trendline 658 

analysis shows a significant increase in drought severity with shifts from “non-drought” from 659 

1961 to 1978, to “mild drought” from 1979 to 1988, to “moderate drought” from 1989 to 1995 660 

(dotted black line, R2=0.69, p<10-9, n=35). SPEI denotes the standardised precipitation-661 

evapotranspiration index (Vicente-Serrano et al., 2010). Here, it was calculated for the growing 662 

season (March to November (Wieloch et al., 2018)) at 48.25° N, 16.25° E on a 48-months 663 

timescale indicative of long-term drought variability (black circles). Expressions of SPEI values 664 

indicate the drought severity as ≥-0.49, non-drought; -0.5 to -0.99, mild drought; -1 to -1.49, 665 

moderate drought; -1.5 to -1.99, severe drought; <-2, extreme drought (McKee et al., 1993; 666 

Paulo et al., 2012). (b) and (c) Comparison of measured (solid black line) and modelled (dotted 667 

red line) metabolic fractionation at glucose H1 and H2, εmet (n=31). In (b), data were modelled 668 
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by a multivariate linear model without change point as εmet=1802-0.566PRE-4.185Ca. In (c), 669 

data were modelled by a multivariate linear model with change point as εmet=1802-0.566PRE-670 

4.185Ca-1722*I(trend>-0.7031)+0.588PRE*I(trend>-0.7031)+4.214Ca*I(trend>-0.7031). If 671 

trend>-0.7031 then I(trend>-0.7031) equals 1, else I(trend>-0.7031) equals 0. PRE, Ca, and 672 

trend denote March to July precipitation, annual atmospheric CO2 concentration, and the long-673 

term trend of the growing season 48-months SPEI (3a, dotted black line), respectively. Dotted 674 

blue line: Response change point as determined by the change point model. (d) Relationship 675 

between εmet and tree-ring width. Green and black circles: Years in which the fractionating 676 

metabolic processes were upregulated and downregulated, respectively. Dashed line: Average 677 

tree-ring width of years in which the fractionating metabolic processes were downregulated 678 

(black circles, 0.99 mm). Tree-ring widths were measured for previous dendro-ecological 679 

studies (Leal et al., 2008). Raw data for the calculation of εmet were acquired for tree-ring 680 

glucose of Pinus nigra laid down from 1961 to 1995 at a site in the Vienna basin (±SE=3.5‰, 681 

n≥3).  682 
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 683 

 684 

Figure 4 Sucrose-to-starch carbon partitioning and anaplerotic carbon flux into the Calvin-685 

Benson cycle. Green: Enzyme reactions proposedly introducing D isotope signals at glucose H1 686 

and H2. Enzymes: 6PGD, 6-phosphogluconate dehydrogenase; G6PD, glucose-6-phosphate 687 

dehydrogenase; PGI, phosphoglucose isomerase. Metabolites: 3PGA, 3-phosphoglycerate; 688 

6PG, 6-phosphogluconate; 6PGL, 6-phosphogluconolactone; ATP, adenosine triphosphate; 689 

F6P, fructose 6-phosphate; G6P, glucose 6-phosphate; NADPH, nicotinamide adenine 690 

dinucleotide phosphate; Ru5P, ribulose 5-phosphate; RuBP, ribulose 1,5-bisphosphate; TP, 691 

triose phosphates (glyceraldehyde 3-phosphate, dihydroxyacetone phosphate).  692 
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