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Abstract

Background: Estimating the CO, response of forest trees is of great significance in plant

photosynthesis research . CO; response measurement is traditionally employed under steady state

conditions. With the development of open-path gas exchange systems, the Dynamic Assimilation

Technique (DAT), allows measurement under non-steady state conditions. This greatly improves the

efficiency and data density of CO; response measurement. However, the effects of different models in

fitting the DAT data have not been extensively verified. Results: This research was conducted for three

common broadleaf tree species (Ulmus macrocarpa, Fraxinus mandshurica, and Tilia amurensis) in

North Eastern China. Among the three species, Fraxinus mandshurica is the most adapted to high CO;

concentration conditions. Four models were compared, the rectangular hyperbola (RH) model, the

Michaelis-Menten (MM) model, the modified rectangular hyperbola (MRH) model and a non-

rectangular hyperbola (NRH) model. Conclusions: Considering the model parsimony and parameter

accuracy , the NRH model emerged as the best choice (R>=0.9966, RMSE=0.1862, AIC=-199.86). This

study provides a reference for the further application of DAT in the field of photosynthesis.
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1 Background

Photosynthesis is an elementary and important physiological process of plant growth, providing the
material foundation and energy source for life on Earth. The CO, concentration of the atmosphere is one
of the key factors influencing plant photosynthesis. Measuring the CO; response of plant photosynthesis
allows for the determination of important photosynthetic parameters such as CO, compensation point
('), CO; saturation point, carboxylation rate (V.), and electron transport rate (J) [1]. These parameters
are crucial for studying plant photosynthesis and predicting global carbon cycle fluxes. Traditional
measurements of the CO, response (A-C;) curve use steady-state measurements, requiring a series of
predetermined CO, concentrations. The photosynthetic rate won’t be recorded until the measured leaves
stabilize at each CO; concentration for 1 to 3 minutes. Obtaining a steady-state A-C; curve with more
than ten data points typically takes over 30 minutes [1]. This measurement protocol is time-consuming
as it requires a significant amount of time to obtain the photosynthetic rate at several specified
concentrations. Additionally, plants are susceptible to changes in their physiological state due to
environmental influences during the measurement[1]. Prolonged measurement duration may result in
changes in enzyme activation state, chloroplast movement, or stomatal aperture[2]. There is also a risk
of overfitting when fitting multiple photosynthetic parameters using a small number of data points based
on steady-state measurements[3].

To improve the efficiency of obtaining CO; response data, Stinziano(2017) proposed a rapid A-C;
measurement technique called Rapid A-C; Response (RACiR). But this technique requires not only pre-

measurement calibration of the empty chamber to reduce errors caused by increasing CO, mole fractions,
2
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but also subtracting the empty chamber values during data processing. It is a non-steady-state technique

that requires empirical corrections [4, 5]. Validation studies have indicated that RACiR may lead to

underestimation of parameters such as I' and dark respiration (Rq)[6, 7] .

Dynamic Assimilation Technique (DAT) further optimizes the non-steady-state A-C; measurement

method based on RACiR [8]. With high temporal resolution, DAT can accurately calculate plant CO»

assimilation values by using known incoming and outgoing CO, mole fractions, as well as well-estimated

derivatives. It has broad applicability in various types of gas exchange measurements. DAT not only

allows for rapid acquisition of high-density data but also reduces the oscillations in photosynthesis under

triose-phosphate utilization[9]. Many studies have explored the application of DAT in measuring other

important photosynthetic parameters, such as measuring photorespiration [10] and the temperature

response of photosynthesis and so on. Validation studies have consistently shown no significant

differences between DAT and traditional methods, while significantly improving data density and

reducing noise during measurement. DAT has been applied to in-depth researches on photosynthetic

mechanisms[11, 12].

Modern commercial gas exchange measurements usually follow the open path measurement

principle, where a flow of air continuously enters and flows out of the leaf chamber. In the steady-state

measurements, the net photosynthesis rate is calculated based on the formula as follows[13]:

U1C1 — UpCy

A=—""—"7"" 1

- &)
Where A represents the net photosynthesis rate (mol-m2s™"), S is leaf area (m?), u; and u, represents the
incoming and outgoing air mass flow rates (mol's™"), ¢;and ¢, means the incoming and outgoing mole

fraction of CO; in the air (mol-mol).

During DAT measurements, the incoming and outgoing mole fraction of CO, and its derivative with
3
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high temporal resolution can be estimated well, through which the accurate value of A in the non-steady

state can be calculated from[8]:

dc,
U €1 — UpCy — Vp_dt

A= S (2)

Where the meaning of 4, S, u, and u,, c;and c, is the same as mentioned. V represents the cuvette
volume (L), p is the air density (mol!-L), ‘% is the rate of change of CO, mole fraction in the leaf
chamber (mol'mol’'s™).

Comparing equations (1) and (2), it can be concluded that the measurement under steady state is a
special situation of the governing mass balance when ddL: 1S zero. DAT measurement can provide
researchers with more comprehensive physiological data, benefit in better understanding the mechanisms
of plants responding to environmental changes. The introduction of this method greatly improves the
speed of field measurements of CO, response. It is of great significance for the accumulation of relevant
data. Its high-throughput data characteristics also enable researchers to gain a deeper understanding of
the mechanisms of photosynthesis.

Photosynthesis models and theories use mathematical equations and parameters to describe the
processes of carbon fixation and release in photosynthesis. This makes it possible to predict and explain
changes in the CO, response. Existing A-C;i curve fitting models include rectangular hyperbolic
model[ 14], Michaelis-Menten model[15], non-rectangular hyperbolic model[16], modified rectangular
hyperbolic model[17] etc. As a high-density continuous measurement method, DAT measurement can
effectively shorten the measurement range and improve measurement efficiency by choosing an
appropriate and effective fitting model. Currently, there is no relevant comparison and validation of the
fitting effects of various models under the DAT measurement. Therefore, this study compares the fitting

effects of different models on various photosynthetic limitations stages and photosynthetic parameters
4
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based on the DAT measurement of three typical broad-leaved tree species in a mixed broad-leaved-
Korean pine forest.
2 Materials and Methods
2.1 Study area

The study was conducted in a 100m X 100m plot of mixed broadleaf-Korean pine forest located
within the Jiaohe Experimental Area Management Bureau in Jilin Province, China (127° 45’ E, 43°
57" N). The area is part of the Zhangguangcai Mountains in the Changbai Mountain Range and
experiences a temperate continental monsoon climate, with an average elevation of 459 m, an annual
mean temperature of 3.5 °C and a mean temperature of 21.7°C in July. The annual average precipitation
is 695.9 mm, mainly concentrated in July and August. The soil in the region is classified as dark brown
forest soil, with a soil layer thickness ranging from 20 to 80 cm. The vegetation in the study area belongs
to the Changbai Mountain flora, with the dominant forest type being mixed broad-leaved-Korean pine
forest. The main tree species include Pinus koraiensis, Quercus mongolica, Tilia amurensis, Ulmus
davidiana, Fraxinus mandshurica, Ulmus macrocarpa, Juglans mandshurica, Acer mono and Acer
mandshuricum .
2.2 Sampling method

Typical broad-leaved tree species in this area were selected as the research subjects, including Ulmus
macrocarpa (U.macrocarpa), Fraxinus mandshurica (F-mandshurica) and Tilia amurensis (T.amurensis).
For each species, we sampled 13 individuals with an approximate diameter at breast height of 10 cm.
And for each chosen individual, we sampled 3 healthy and intact mature leaves for gas exchange
measurements.

2.3 CO2 response measurement
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We conducted gas exchange measurements using the portable photosynthesis measurement system

Li-6800, manufactured by LiCor Corporation. Measurements were conducted during clear weather

conditions, from 8:30 AM to 11:30 AM and from 2:00 PM to 4:30 PM. In order to maintain consistency

in measurements, all leaves were measured in a detached state. Secondary branches with favorable light

conditions were selected from each target tree using high branch shears. Immediately after cutting, the

branch tips were submerged in water to maintain internal water potential and prevent leaf dehydration.

Throughout the measurement process, the branch tips were kept continuously submerged to preserve leaf

condition. The environmental parameters are presented in table 1. Prior to running each experiment, the

leaves were allowed to adapt to these conditions until stomatal conductance (gs) and A reached a stable

state.

Table 1 Environmental parameters settings

Internal Name Units Descrition Set value
Qin umol-m2s’! PPFD incident on the leaf 1500
Flow umol-s! Flow rate into chamber 500
Tleaf °C Leaf thermocouple 25
C20 r umol-mol! Reference cell CO, concentration 400
H20 r % Reference cell H,O concentration 60

2.3.1 Steady-state measurement

A single sample tree of Tilia amurensis was selected for the steady-state measurement study. Two

healthy, intact, and mature leaves chosen from the sunlit branches of the tree were prepared for steady-

state and non-steady-state measurements respectively. The goal was to compare the differences between

traditional steady-state measurements and non-steady-state measurements using the DAT protocol.

The steady-state measurements were conducted at CO2 concentrations of 400, 300, 200, 100, 50,

25,15, 10, 200, 400, 600, 800, 900, 1000 and 1200 umol-mol!, with a minimum waiting time of 90s and
6
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a maximum waiting time of 150s for each CO» concentration.

2.3.2 Non-steady state DAT measurement

A total of 117 leaves (n=117) were selected from 13 sample trees of three different tree species for

non-steady-state gas exchange measurements. The DAT measurement available on Li-6800 was

employed to measure the CO, response. Prior to measurement, a range match was performed to account

for changes in CO, concentration. Calibration of CO, and H,O was conducted daily to minimize

measurement errors and determine the optimal slope. The measurements were carried out using a BP

program, with each leaf acclimatized in the leaf chamber until g, and A stabilized. The starting CO,

concentration of the curve was set at 10 umol-mol’!, with a pre-slope waiting time of 2 minutes. The final

concentration was set at 1210 pmol-mol!, with a concentration increase rate (Ramp rate) of 100

umol-mol!-min'. The total measurement time was approximately 14 minutes.

2.4 Models

In addition to the biochemical model Farquhar-von Caemmerer-Berry (FvCB) model, there are

simplified empirical models used for fitting the CO; response process. The mainstream models include

the Michaelis-Menten (MM) model, the modified rectangular hyperbola (MRH) model, the non-

rectangular hyperbola (NRH) model and the rectangular hyperbola (RH) model.

2.4.1 The FvCB model

The FvCB model is widely used for simulating photosynthesis response [18]. It is a mechanistic

model based on biochemical processes, describing the response of photosynthetic rate to light intensity,

CO; concentration, and temperature. It utilizes a set of differential equations to simulate the relationship

between photosynthetic rate and related variables, including excitation of photosynthetic pigments,

carbon reactions, and light reactions. However, the FvCB model has many parameters .
7
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2.4.2 The Michaelis-Menten model

The Michaelis-Menten (MM) model, as used by Harley[15], is expressed by the equation:

A, = % —Rp (3)
Where A, represents the net photosynthetic rate, Ciis the intercellular CO> concentration, a is the initial
carboxylation rate corresponding to the slope of the linear equation when CO» concentration < 200
umol-mol™!, Aymax is the maximum net photosynthetic rate, Rp is the rate of photorespiration, and K is the
Michaelis-Menten constant.
2.4.3 The Modified Rectangular Hyperbola
The modified rectangular hyperbola (MRH) , as used by Ye[17], is expressed by the equation:
An=a1;—IZgCi—RP “4)
Where the definition of A, Ci, o, Anmax and Rp is the same as mentioned above. b is the modification
coefficient of the model, and c is the ratio of a and Anmax (both b and c are in units of mol-umol-1).

2.4.4 The Non-rectangular Hyperbola

The non-rectangular hyperbola (NRH) , as used by Thornley[19], is expressed by the equation:

_ “Ci"'Anmax_\/(aCi"'Anmax)z—49“CiAnmax
A -R (5)
n - 20 P

Where the definition of A,, Ci, o, Ammax and Rp is the same as mentioned above, and 6 represents the
curvature of the A,-C; curve.
2.4.5 Rectangular hyperbola model

The rectangular hyperbola (RH) model, derived from Baly’s formula[14], is expressed by the

equation:

aA nmax Ci

=—"% " _R 6
aCi+Anmax F ( )

n

Where the definition of Ay, Ci, d, Ammax and Rp is the same as mentioned above.
8
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2.5 Data processing and analysis

The model fitting for the test data was implemented using the “plantecophys” package in R. The
four empirical models were fitted using the photosynthesis calculation software developed by Ye. The
Cisat values for RH model, NRH model and MM model were obtained using the equation4,,,, =
aCisqr — Rp. The accuracy of model fitting for photosynthetic parameters was assessed using mean
absolute error (MAE). The performance of the models was assessed by the coefficients of determination
(R?), root mean square error (RMSE) and Akaike information criterion (AIC). The best combination with
the largest R? value, smallest RMSE and AIC values represented the best accuracy.

To mitigate the impact of data noise on the visualization of the model curves and better reflect the
overall trend of the response curves, local weighted scatterplot smoothing (Loess smoothing) was applied
during curve visualization, with a smoothing span set at 0.8.

3 Result
3.1 Comparing steady-state and DAT measurements

In the experiment of two sample leaves using different measurement protocols, the steady-state

measurement took a total of 25 minutes, obtaining 14 data points. The non-steady state DAT

measurement took a total of 12 minutes, obtaining 336 data points. Completing the measurement in a
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Fig. 1 Example of traditional steady-state measurement (left) and DAT measurement (right)

shorter time also reduces the possibility of data fluctuations caused by sudden environmental changes.
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It became evident that DAT can obtain denser data points in a shorter amount of time (Fig. 1). High-
throughput data provides a valuable resource for calculating a wide range of photosynthesis-related
parameters. Due to the limitations of measurement speed, steady-state measurements are usually unable
to obtain many data points to observe response fluctuations at high concentrations. A lack of data points
during the triose phosphate utilization (TPU) phase prevents accurate fitting of TPU values.

In contrast, DAT measurement allows for better observation of data fluctuations during the dynamic
changes in CO; concentration.
3.2 Fitting of photosynthetic parameters
3.2.1 Photosynthesis biochemical parameters fitting with FvCB model

Using the FvCB model, four important photosynthesis biochemical parameters were fitted,
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Fig. 2 Comparison of photosynthesis biochemical parameters among species. (a) The

including the maximum carboxylation rate (Vemax), J , TPU, and C; transition point (C; trans, the transition

point where carboxylation limitations are replaced by electron transport limitations). A comparison of

the model parameters for the three species is shown in Fig. 2

Among the three tree species, the Vemax, J, and TPU values of the Fmandshurica were relatively

high, indicating its higher productivity, photosynthetic efficiency, and stress resistance, allowing it to

better adapt to high light intensity and high CO, concentration environments.
10
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3.2.2 Photosynthesis characteristic parameter fitting using empirical models

All four models show good fitting results for I, with the NRH model providing the most accurate

simulation. The NRH model fits well for the initial carboxylation efficiency (a), while the other models

tend to overestimate this parameter to varying degrees. In terms of fitting the maximum net

photosynthetic rate (Amax), both the M-M model and RH model significantly overestimate the results,

while the MRH model and NRH model estimate values close to the actual measurements. Among them,

the MRH model provides more accurate and stable simulation (Table 2).

Table 2 Comparison of models fitting photosynthesis parameters

MAE MAE MAE MAE
Species Models o Amax Cisat r Rp
((X) (Amax) (Cisat) (F)
MM - - 21.31 1221 887.41 30428 71.01 1.69 3.74

MRH 0.0414 0.0135 943 0.37 631.13 5658 7252 132 278
U.macrocarpa NRH 0.0306 0.0027 11.78  2.69 459.10 14630 70.87 096 2.14

RH 0.0668 0.0388 2131 1221 417.86 212.15 71.01 1.69 3.74

Observed 0.0279 - 9.09 - 604.85 - 71.96 - -

MM - - 27.71 1873 108526 47145 103.08 3.25 6.66

MRH 0.0514 0.0169 1057 0.44 65543 6223 105.06 1.92 4.89

FEmandshurica NRH 0.0373 0.0029 15.11 542 516.90 116.87 10520 0.89 3.92

RH 0.0894 0.0550 27.71 18.73 45340 18543 103.08 3.25 6.66

Observed  0.0344 - 10.19 - 628.62 - 105.84 - -

MM - - 18.62  9.83 958.06 28837 7046 329 334

MRH 0.0376  0.0137  9.02 0.23 698.00 51.18  73.57 1.75  2.50

T.amurensis NRH 0.0274 0.0035 1122 242 487.83 20947 7364 084 197

RH 0.0605 0.0366 18.62 9.83 39282  308.60 7046 329 334

Observed  0.0238 - 8.78 - 696.82 - 73.28 - -

Both the M-M model and RH model perform poorly in estimating the intercellular CO> saturation

concentration (Cist), with the estimated results significantly higher than the actual measurements. The

11
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NRH model, on the other hand, underestimates this parameter, while the MRH model accurately fits the
results with no significant difference from the observed value (P>0.05). Considering the RMSE of the
fitted parameters, the NRH model has better estimation performance for o, while the MRH model
performs better in estimating Amax and Cis. If only the value of T is required, any of the four models can
be used for estimation.
3.3 CO: response curve fitting using empirical models

The curves of each tree species were divided into three CO, limitation stages based on the mean
values of Ci uans and actual Cisy to observe the fitting performance of different models in each limitation
stage. By observing the fitted A-C;i curves, all four models fit well in the Rubisco limitation stage, but

the MM model and RH model have overall lower fitting values in the RuBP limitation stage. In the final
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Fig. 3 Comparison of models fitting response curves. (a) Fitting results in Rubisco limited

condition. (b) Fitting results in RuBP limited condition. (¢) Fitting results in TPU-limited

TPU limitation stage, the MM model and RH model do not converge, resulting in overestimation of Amax.

12



227 Overall, the MRH model and NRH model show high agreement with the actual measured curves

228 throughout the process (Figure 3).

229 The residuals are presented in Fig. 4.
(a) {c} )

2 2 2
2 0 \ ‘\ | 0 ‘\ | y ‘\ 0
< | | Y Rl
E x | \[/ v/
&

-2 2 2

MM MRH NRH RH MM MRH NRH RH MM MRH NRH RH

Fig. 4 Residuals of models fitting response curves. (a) The residuals of fitting models for

U.macrocarpa. (b) The residuals of fitting models for F. mandshurica. (c) The residuals of fitting

models for T.amurensis

230 Based solely on R?, all four models show good fitting performance for the CO; response curves.

231 However, from the RMSE values and residual distribution plots, it can be seen that the MRH model and

232 NRH model show a better performance for the three tree species, with smaller and more concentrated

233 residuals, indicating relatively accurate predictions. On the other hand, the MM model and RH model

234 exhibit poorer performance, with large residuals, dispersed ranges, and more outliers, indicating an

235 inability to accurately fit certain parts of the entire curve. While RMSE and R? can measure the fitting

236 accuracy of models, they cannot effectively evaluate the complexity of the models and assess overfitting .

237 Therefore, using AIC values to assess the fitting accuracy as well as model complexity, the NRH model

238 has significantly lower AIC values compared to the other models for all tree species (Table 3).

239 Table 3 Performance of models fitting response curves

Species Assessment Models

13
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254

MM MRH NRH RH

R? 0.9804 0.9931 0.9960 0.9804

U.macrocarpa RMSE 0.4270 0.2507 0.1862 0.4271
AIC 375.79 18.42 -189.83 375.80

RMSE 0.9860 0.9941 0.9966 0.9860

Emandshurica R? 0.4216 0.2586 0.1948 0.4216
AIC 366.73 43.36 -158.85 366.74

RMSE 0.9778 0.9927 0.9972 0.9778

T.amurensis R? 0.4643 0.2672 0.1679 0.4643
AIC 444.55 68.61 -250.88 444.57

In the A-C;i curves of the three tree species, F.mandshurica exhibits lower A at low CO;

concentrations compared to the other tree species, and it also has a higher

[ value, indicating that Fmandshurica requires higher CO, concentrations for normal photosynthesis.

Fmandshurica also has a higher a value compared to the other species, and it’s a A value increases

rapidly with increasing Ci, demonstrating its adaptability and responsiveness to changes in CO-

concentration. After the response curve stabilizes, F.mandshurica also has the highest Apax.

U.macrocarpa and T.amurensis have similar photosynthetic rates at low CO» concentrations, and

their rate increases gradually, showing differences in the response curves only at C;> 200pmol-mol-'.

When the photosynthetic rate reaches a certain value, U.macrocarpa saturates at a C; concentration of

600umol-mol™!, while T.amurensis continues to slowly increase until it saturates at nearly 700pmol-mol-

Comparing the goodness of fit of the response curves for the three tree species, the simulation

performance for the response curve of Fmandshurica is relatively poor, while the response curve of

T.amurensis has a good fit. In terms of curve shape, the response curve of U.macrocarpa levels off after

Ci > 400umol-mol! and has a clear inflection point, while the curves of Fmandshurica and T.amurensis

14
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gradually become smoother only after C; > 500umol-mol-'. After Ci > 650pmol/mol, the photosynthetic
rate of T.amurensis shows a significant decline, and a similar trend can be observed in Fmandshurica
after C; > 700pmol-mol™!, although this result is not statistically significant. U.macrocarpa does not
show a decline in A within the measured range after reaching C; saturation.

4 Discussion

4.1 The application of DAT

The Dynamic Assimilation Technique is currently the most efficient method for plant CO, response
curve measurement. It can complete measurement twice as fast as the traditional steady-state
measurement method while data accuracy ensured[3]. The duration for a DAT measurement can even be
limited in 10min according to the specific requirements by narrowing the measurement range or speeding
up the ramp rate [12]. In this study, using the DAT protocol, an average of 345 data points were obtained
in each measurement of CO, response, and each response curve took 14 minutes to complete. A high rate
of observations was acquired within a short time.

In addition to significantly improving the efficiency and accuracy of conventional measurements,
DAT also facilitates researches focusing on the physiological mechanisms of plant photosynthesis. Some
existing studies have benefited from the efficient measurements provided by DAT. This efficient new
protocol allows for more accurate experimental designs to compare the physiological changes in plant
photosynthesis under different limiting conditions[20-23]. The application of DAT has also inspired the
development of other dynamic assimilation methods, such as the FAsTeR method [11] and the Laiskpar
method [10]. These non-steady state measurement protocols offer higher measurement speed and denser
data points compared to steady-state methods. In addition to ensuring plant activity during measurements,

new non-steady state protocols also provided higher data densities, which contributes to the confidence
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of parameter estimation and reduces the influence of noise. Moreover, DAT measurements can help
reveal physiological characteristics that are difficult to observe in steady-state measurements. For
example, plants require reaching the TPU limitation rapidly to induce oscillation, which can only be
achieved using DAT. The rapid increase in CO; concentration conducted by the DAT effectively induces
oscillation in the TPU limitation stage, allowing for the study of limitations on the receptor side of
Photosystem 1 [9, 24].

It is evident that DAT method has significant advantages and broad prospects in the field of
photosynthesis. Its efficiency and accuracy provide researchers with more data as well as possibilities to
deepen the exploration of photosynthetic physiological mechanisms. And thus, it offers new ideas and
methods for more efficient photosynthesis research.

4.2 The COz2 response of the three tree species studied

Among three species measured, F.mandshurica has a higher I" value, which means it needs a higher
CO; concentration to achieve normal photosynthetic rates. In contrast, U.macrocarpa and T.amurensis
have relatively similar I value. Correspondingly, F.mandshurica has a higher Ama.x compared to the other
two tree species. This indicates that Fmandshurica can better adapt to high CO, concentrations and
exhibits higher photosynthetic efficiency under such conditions.

Both U.macrocarpa and Fmandshurica have similar Cisy values, requiring about 600umol-mol™! to
reach CO; saturation, while T.amurensis can reach saturation with a concentration around 700pmol-mol
!. Among them, U.macrocarpa shows a rapid increase in photosynthetic rate at beginning stage, and the
response curve becomes significantly flattened after reaching the Ci; yrans point. In the end, it reaches Amax
at around 600umol-mol!. This indicates that when Rubisco enzyme is active in U.macrocarpa , the

effect of RuBP regeneration limitation becomes significant as CO, concentration further increases,
16
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causing a significant reduction in the magnitude of the changes in the photosynthetic rate and there almost
no further increase. T.amurensis also exhibits a similar trend, with only a slight increase in the
photosynthetic rate under the limiting condition of the RuBP regeneration . However, compared to
U.macrocarpa, the magnitude of the changes in T.amurensis in the photosynthetic rate slows down
gradually, allowing its Cis value to reach about 700umol-mol-'.

In contrast, the photosynthetic response curve of Fmandshurica continues to show a significant
increase after passing the Ci yans point until reaching saturation . This indicates that after Rubisco enzyme
is fully active and RuBP regeneration limits the photosynthesis rate, F.mandshurica exhibits a relatively
greater change in photosynthetic rate, suggesting a higher photosynthetic efficiency than the other two
species.

After reaching saturation, the photosynthetic rate of U.macrocarpa does not show significant
changes as C; concentration continues to increase, while Fmandshurica and T.amurensis exhibit a
declining trend with increasing concentration. This may be due to the limitation of photosynthetic rate
by TPU at high C; concentrations [22]. Among them, T.amurensis shows the most pronounced decrease.

Taking into account the CO, response characteristics and biochemical parameters of the three
species, it can be concluded that F.mandshurica is the most adapted to high CO, concentration conditions.
Previous studies have also indicated that F-mandshurica exhibits significantly enhanced photosynthesis
under high CO; concentration conditions [25, 26]

4.3 Compare fitting models

Although empirical models are simplified versions of the FvCB biochemical model, they have their

advantages. Firstly, FvCB model cannot estimate the Cisa and Amax of plants and require empirical model

fitting to obtain such parameters [27]. Secondly, biochemical model requires a large number of
17
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parameters during the modeling process. It means that fitting FvCB model with a small number of data

points obtained from traditional steady-state measurements may result in overparameterization[28].

Empirical models have fixed equations and fewer parameters, thus require less computation for large-

scale data processing and model fitting. This advantage makes them more applicable. For individual

sample measurement, empirical models are more convenient and efficient when calculation high-density

data from DAT. And for meta-analyses, empirical models can better capture data patterns and be applied

to models that focus on predictive performance and scale extrapolation.

Among the four models, both the MM model and RH model exhibit similar performance. The fitted

A values continuously increasing with C; without clear saturation points or stable trends. Therefore, these

models perform poorly in all three model evaluation criteria and are not recommended for modeling DAT

data. Nevertheless, the MRH model and NRH model show better overall performance, each with its own

strengths. From the perspective of evaluating photosynthesis parameters, the NRH model performs well

in fitting parameters (such as a and I') before reaching saturation, while the MRH model performs better

in fitting parameters (such as Amax and Cisa) after reaching C; saturation. In terms of simulating response

curves, considering various assessment indicators, it can be concluded that the NRH model has higher

fitting accuracy and better adherence to measured data. The NRH model outperforms the MRH model in

terms of AIC, even though their fitting accuracy is similar. The introduction of an additional parameter

in the MRH model may increase model complexity and make it more susceptible to sample size or noise

data. This may lead to potential overfitting issues and limit the generality and applicability of the MRH

model.

Previous studies have often considered the MRH model to perform better overall, particularly in

fitting photosynthetic parameters, compared to the NRH model [29, 30]. This may because the MRH
18



343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

model focuses more on the interaction effects of various factors in the photosynthetic process. But for

the NRH model, it has a better ability to fit the overall distribution and trend of the measured data for a

reason that it’s more flexible, better able to adapt to the changes in data distribution, and good at capturing

the nonlinear features of the response curve. On the other hand, in terms of parameter fitting, the NRH

model and MRH model show similar performance. However, in this study, comparing the fitting

performance with high-density data, it can be observed that the NRH model better matches the shape of

the measured curve, which indicates that the former may reflect the physiological mechanism of CO,

response better. Existing comparative analysis studies of high-throughput data fitting models, such as the

study by Wang[31], only focused on comparing parameter fitting and did not further evaluate the

accuracy of model fitting for the whole response curve.

In addition to fitting accuracy, model complexity is also an important indicator for assessing model.

Considering the AIC values, this study concludes that the NRH model performs better. It can behave

better when facing situations such as predicting CO, response for species and scaling-up models from

leaf to larger scales.

5 Conclusion

Based on the data obtained from DAT measurements in a mixed broad-leaved-Korean pine forest,

this study compared the fitting performance of four empirical models. Firstly, the use of DAT

measurements significantly improved measurement efficiency and data density, making the changes in

different limitation stages of the CO, response more pronounced. Secondly, results show that

Fmandshurica is more adapted to high CO, concentrations compared to the other two species. Last but

not least, the NRH model not only demonstrated good fitting performance but also maintained parameter

parsimony. Model simplicity is an advantage when applying leaf-scale data to larger-scale models for
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prediction and extrapolation. The findings of this study serve as a reference for selecting appropriate

measurement protocols, selecting suitable models and providing a theoretical basis for future

photosynthetic research .
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The following abbreviations are used in this manuscript:
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Ve

J
A-C;

RACIR

DAT

A

S
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c;and c,

dc,
dt

FvCB
MM
MRH

NRH

CO; compensation point

Carboxylation rate

Electron transport rate

CO; response

Rapid A-C; Response

Dark respiration

Dynamic Assimilation Technique

Net photosynthesis rate

Leaf area

Incoming and outgoing air mass flow rates
Incoming and outgoing mole fraction of CO; in
the air

Cuvette volume

Air density

Rate of change of CO, mole fraction in the leaf
chamber

Stomatal conductance

Farquhar-von Caemmerer-Berry
Michaelis-Menten

Modified rectangular hyperbola
Non-rectangular hyperbola

Rectangular hyperbola
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MAE Mean absolute error

R? Coefficients of determination

RMSE Root mean square error

AIC Akaike information criterion

TPU Triose phosphate utilization

V emax Maximum carboxylation rate

Ci trans Ci transition point

o Initial carboxylation efficiency

Amax Maximum net photosynthetic rate

Cisat CO; saturation concentration
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