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CALCULATING CONCENTRATIONS
USING BEER-LAMBERT'S LAW AND LINEAR REGRESSION
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Abstract: The article demonstrates an indirect method for determining the concentration of
a substance in a solution by applying Beer-Lambert’s law and linear regression.

In chemistry and biochemistry, quantitative analysis of chemical concentrations is a
fundamental task that often cannot be implemented through direct weighing. Therefore, we
used Beer-Lambert’s law and regression techniques to construct a calibration curve that
models the linear relationship between absorbance and concentration based on
spectrophotometric data. Afterthat, the resulting linear regression model is then used to
predict the unknown concentration given its measured absorbance.
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1. INTRODUCTION

Concentration determination plays a crucial role in chemistry, biochemistry,
environmental science, and medicine. In many cases, direct methods are impractical or even
impossible, especially when dealing with highly dilute solutions, light-sensitive substances,
or samples in limited quantitites (Akash, n.d.; StudyCorgi, 2023). For these situations, one
of the most widely used indirect methods is spectrophotometry - using color intensity to
compute the concentration of a solution. In particular, Beer-Lambert’s law states a linear
relationship between the solution’s absorbance and its concentration, assuming constant path
length and molar absorptivity (O’Haver, 2015). Previous research has applied this
relationship in combination with statistical methods - particularly linear regression — to
generate calibration curves from standard solutions and subsequently determine unknown
concentrations (Dekking, 2005; Bluman, 2012).
While the theoretical basis and experimental procedure are well established, fewer studies
have focused on integrating multiple computational tools to illustrate and enhance the
teaching of Beer—Lambert’s law. In particular, the combined use of GeoGebra, Python, and
R for visualizing, analyzing, and validating spectrophotometric data has not been extensively
discussed in the literature. This article explains how Beer-Lambert’s law and linear
regression work together in practice and demonstrates a practical workflow to implement this
method using spectrophotometric data with Geogebra, Python and R.
1.1 Beer-Lambert’s law

In figure 1, the spectrophometer is used to determine how much light is absorbed by a
colored chemical dissolved in the solution. The monochromator takes the light from the light
source and splits it into different colors or wavelengths. Then, the aperture acts as a color

filter or wavelength selector. The absorbance A = —log;, (Ii) = —log;o T where [, is the
0

intensity of the original incident light, I is the intensity of the light that passes through the
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sample cuvette and T = — is the transmittance. The spectrometer measures T, then calculates
0

A.
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Figure 1: Spectrophotometer components
According to the Beer-Lambert’s law, 4 = € - ¢ - | where € [M~1cm™] is the molar
absorptivity or molar extinction coefficient, ¢ [M] is the concentration of the substance, and
[ [cm] is the path length of the cuvette. When € and [ are constant, this equation indicates a
linear relationship between absorbance and concentration.
The phET interactive simulation in figure 2 can help us visualize and interact with the
components of Beer’s law.
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Figure 2. The PhET Beer’s law simulation
1.2 Linear Regression
Suppose two random variables under our study are X and Y. For a sample of size n, we
obtain data points {(x;, y)}iz;. We set Zx = ¥t x,,Zy = XLy, Zxy = Xl XY,

2 2
5 . 5 - _ Xx _ Xy _ Zx-Zy_ o
Zx :Zx %Y :Zy X=— Y =—"Sx —ny—T—ny—n- x-y,
i=1 i=1
Syy = Zx%2 — n- X2, Syy = Ly? —n - y*
Spearman’s rank correlation coefficient
. n-(2?=1xi-yi)—(Z?zlxi)-(Z?ﬂJ/i) Sxy € [-1,1]
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Based on the Beer-Lambert’s law, for spectrophotometric data of absorbance and
concentrations, 7 would be close to 1 since there is a strong positive linear relationship
between the variables.

Assume that the desired linear regression line is ¥ = f; - x + B, then the sum of
squared residuals is SSE = Y1, (vi = $)2 = X, (v — By - xi — Bo)? -

Using the least squares method, the minimum of SSE is found when
d SSE 0 SSE 0

0By 9Fo )
= i = Brxi— o) =0, (i =By xi = fo) = 0

> Bo=T— B E, fr= 2 (see[2],[5)

XX

The coefficient of determination R? = 1 — “zS—E measures the goodness of fit of the linear
yy

model.

For spectrophotometric data, the slope f; of the calibration curve corresponds to the
product of the molar absorptivity and the path length: f; = € - [. Since in most experiments,
the path length [ is fixed (typically [ = 1 ¢m), the slope 1 gives an empirical estimate of
how strongly the solute absorbs light at the chosen wavelength. The steeper slope means
higher sensitivity, that is, small changes in concentration result in large changes in
absorbance. Ideally, the y-intercept 5, should be 0 (i.e., when the cuvette has only distilled
water, the absorbance should be 0). In reality, [, reflects the instrumental noise or residual
absorbance from solvents, cuvettes, or impurities.

2. COMPUTING CONCENTRATIONS
2.1. Experimental setup and method
2.1.1. Wavelength selection and justification

The molar absorptivity € is wavelength - dependent. For the same substance, different
wavelengths of light are absorbed differently (see Figure 3). To maximize sensitivity and
linearity in our calibration curve, we would carry out the following steps:

e Step 1: Plot absorbance vs wavelength

o Step 2: Identify the peak absorbance wavelength Amax

e Step 3: Avoid nearby wavelengths where the compound does not absorb strongly.
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Figure 3. Set frequency in the spectrophotometer
In figure 3, in a solution that contains both Co?* and Cu?*, we only want to determine
the concentration of Co?*. Based on the graph, Co?* ions absorb over a wide range of
different wavelengths and its relatively high absorbance value is at 500 nm with very little
interference from Cu?*. Therefore, we set frequency Amax = 500nm in the
spectrophotometer.
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2.1.2. Data analysis and calibration curve

We follow these steps to determine the concentration of an unknown solution using Beer-
Lambert’s law:

e Step 1: Prepare a series of standard solutions with known concentrations

e Step 2: Measure the absorbance of each standard using spectrophotometer

e Step 3: Create a scatter plot of absorbance vs concentration

e Step 4: Find the best-fit line to the data

e Step 5: Measure the absorbance of the unknown solution
e Step 6: Use the regression model to predict the unknown concentration
Using the phET Beer’s law simulation, we can calculate concentrations following the

process: simulate — record — model — predict.

2.2. Numerical results
We present the following worked example to illustrate the practical application of Beer-

Lambert’s law and linear regression in computing concentrations. ([1], [3], [4])

Given the absorbance and concentration data for NiCl, in figure 4, we can determine the

concentration of an unknown solution NiCl, (aq) that has a measured absorbance of 0.5005.

2.2.1. Wavelength selection

Wavelength vs absorbance

Wavelength A | Wavelength A

(nm) (nm)

780 0.21 480 0.07
760 0.22 460 0.26
740 0.21 440 0.51
720 0.19 420 0.39
700 0.19 400 0.11
680 0.16 380 0.03
660 0.11 425 0.47
640 0.07 430 0.52
620 0.04 435 0.53
600 0.02 440 0.51
580 0.01 445 0.46
560 0.01 450 0.4
520 0.01 455 0.33
500 0.03 413 0.27

A =0530 A =435
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Figure 4: Wavelength (nm) vs absorbance (files: NiCl2.csv, NiCI2_wavelength.py)
The wavelength of maximum absorption A max = 435 nm.

2.2.2. Constructing a calibration curve

c A
(mM)

0 0
25 0.13
50 0.27
75 0.4
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Figure 5: Absorbance of NiCl, at Amax = 435nm (GGB code: axsvypSs)
On the left of figure 5, we have prepared a series of standard solutions with known
concentrations and the absorbance of each standard was measured using spectrophotometer.
Plotting the absorbance (y-axis) versus the concentration (x-axis), we see that data points
tend to cluster closerly around a straight line. This indicates absorbance is directly
proportional to concentration, consistent with Beer-Lambert’s law.

Mean of concentration X = 175, mean of absorbance y = 0.9293,
Sxx = 175000, s,,,, = 4.93709, 55, = 929.5
=B = Z—y ~ 0.00531, By =7 — By - % ~ —0.00017 is negligible.

The linear regression model is = 0.00531 - x — 0.00017.
Sxy
VSxxSyy
This suggests that there is a strong positive linear relationship between the variables.

SSE =Y (y; — $,)% = 0.00012 is really small.

The coefficient of determination R? = 1 — 22 ~ 0.99998 shows that this linear regression

Syy
model fits our data well. In figure 6, residuals appeared randomly distributed, confirming

no model bias.
A=05005=>c= ﬁi = 94.2561 (mM). Thus, given the measured absorbance of 0.5005,

1
the concentration of an unknown solution NiCl, is approximately equal to 94.2561 (mM).

Pearson’s rank correlation coefficient r = ~ 0.99999 is very close to 1.
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Constructing a calibration curve Residual plot
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Figure 6. Residual plot
2.2.3. Python code
¢ NiCl2 wavelength.py # wavelength selection
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
df = pd.read_csv(""NiCl2.csv").sort values(by=""Wavelength (nm)")

max_idx = df['Absorbance'].idxmax()
lambda_max = df.loc[max_idx, "Wavelength (nm)']
absorbance max = df.loc[max idx, 'Absorbance']

plt.figure(figsize=(8, 5))
plt.plot(df["Wavelength (nm)"], df[" Absorbance"],
marker="o', markersize=6, color="'g', label=""Data")
plt.scatter(lambda_max, absorbance max,
color="red', zorder=5, label=f""Amax= {lambda_max} nm")
plt.annotate(rf"$A_{{\mathrm{{max}}}} = {absorbance max:.3f}, $"
+ rf"$\lambda_{{\mathrm{{max}}}} = {lambda max}$",
(lambda_max, absorbance max), textcoords="offset points",
xytext=(0, 10), ha="'center’, fontsize="'12', color="red")

plt.xticks(np.arange(df] " Wavelength (nm)'].min(),
df["Wavelength (nm)'"'].max() + 1, 20), rotation=45)
plt.title(""Wavelength vs absorbance\n')
plt.xlabel(""Wavelength (nm)"")
plt.ylabel("" Absorbance')
plt.grid(True, color="gray', linestyle='--', linewidth=0.5)
plt.tight layout()
plt.show()
NiCl2_concentration.py # construct the calibration curve
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
spec_data = pd.read_csv(''spectrophotometric_data.csv'").sort values(by='c (mM)")
n = len(spec data['A'])
mean_x = np.mean(spec_data['c (mM)'])
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mean y = np.mean(spec_data['A'])

s xy =np.sum(spec_data['c (mM)'] * spec_data['A']) - n * mean_x * mean y
s_xx = np.sum(spec_data['c (mM)'] ** 2) - n * mean_x ** 2
s_yy =np.sum(spec_data['A'] ** 2) - n * mean_y ** 2
slope=s xy/s xx

y_intercept = mean_y - slope * mean_x

corr_coefficient =s_xy / np.sqrt(s_xx * s_yy)

y_pred = slope * spec_data['c (mM)'] +y_intercept
residuals = spec_data['A'] -y pred

sse = np.sum((spec_data['A'] -y _pred) ** 2)

r_squared =1 - sse/s_yy

fig, (ax1, ax2) = plt.subplots(1, 2, figsize=(12, 5))

ax1.scatter(spec_data['c (mM)'], spec_data['A'], marker="0")
ax1.plot(spec_data['c (mM)'], slope * spec_data['c (mM)'] +y_intercept, color="r")
axl.set xlabel(" concentration (nM)", fontsize=13)
axl.set_ylabel(" Absorbance", fontsize=13)

ax1.grid(True, color="gray', linestyle="--', linewidth=0.2)
axl.set_title(""Constructing a calibration curve \n", fontsize=16)
ax2.scatter(spec data['c (mM)'], residuals, color="g")
ax2.axhline(0, color="black', linestyle="'--")

ax2.grid(True, color="gray', linestyle="--', linewidth=0.3)

ax2.set xlabel(" concentration (nM)", fontsize=13)

ax2.set ylabel(""Residual", fontsize=13)

ax2.set_title(""Residual plot \n", fontsize=16)

plt.tight layout()

plt.show()

3. CONCLUSION

In this article, we demonstrated how Beer-Lambert’s law, combined with linear
regression techniques can be used to determine the concentration of an unknown solution
based on spectrophotometric data. The regression model not only confirms the strong linear
relationship between absorbance and concentration, but also allows us to make reliable
predictions for unknown concentrations of the same substance. Moreover, through our
computational example, we also highlighted the use of Python to effectively and efficiently
deal with large spectrophotometric datasets. Overall, this indirect approach provides a
powerful, reliable method for concentration determination.
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SU DUNG DPINH LUAT BEER-LAMBERT VA HOI QUY TUYEN
TINH DE XAC PINH NONG PQ CUA CHAT HOA HQC

Tém tit: Bai bdo nay dwa ra phwong phdp gidn tiép dé xdac dinh nong do mét chat héa hoc
trong dung dich bang cdch ap dung dinh ludt Beer-Lambert’s law va mé hinh hoi quy tuyén
tinh.

Trong hoa hoc va hoa sinh, viéc phdn tich dinh luong n&ng dé cdc chat héa hoc la mot
nhiém vu quan trong, then chot nhung déi khi khéng thé tién hanh dinh leong truc tiép. Do
do, trong bai bdo nay, tac gia dp dung dinh ludt Beer-Lambert’s law va ki thudt héi quy
tuyén tinh de xdy dung duong chudn tir dir liéu thuc nghzem do béi may do danh pho. T
quan h¢ tuyen tinh giita tinh hdp thy anh sang va nong dg cia chat, ta cé thé dw dodn nong
dé ciia chdt khi biét dé hap thu dnh sang ciia né.

Tir khoa: Dinh ludt Beer-Lambert, hoi quy tuyén tinh, tinh hdp thy anh sang, quang phé,
may do anh phé, nong dj, dwong chudn.



